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Abstract

Estimating full-body motion using the tracking signals
of head and hands from VR devices holds great potential
for various applications. However, the sparsity and unique
distribution of observations present a significant challenge,
resulting in an ill-posed problem with multiple feasible so-
lutions (i.e., hypotheses). This amplifies uncertainty and
ambiguity in full-body motion estimation, especially for the
lower-body joints. Therefore, we propose a new method,
EnvPoser, that employs a two-stage framework to per-
form full-body motion estimation using sparse tracking sig-
nals and pre-scanned environment from VR devices. En-
vPoser models the multi-hypothesis nature of human motion
through an uncertainty-aware estimation module in the first
stage. In the second stage, we refine these multi-hypothesis
estimates by integrating semantic and geometric environ-
mental constraints, ensuring that the final motion estima-
tion aligns realistically with both the environmental con-
text and physical interactions. Qualitative and quantitative
experiments on two public datasets demonstrate that our
method achieves state-of-the-art performance, highlight-
ing significant improvements in human motion estimation
within motion-environment interaction scenarios. Project
page: https://xspc.github.io/EnvPoser/.

1. Introduction
In recent years, motion capture algorithms using sparse
tracking signals have achieved significant progress across
various research fields, establishing themselves as essential
technologies for applications such as motion-sensing games
and immersive VR/AR experiences [13, 18, 42, 49]. With
the rapid development of VR devices, full-body motion esti-
mation algorithms based on head-mounted display (HMD)
have shown great application potential. However, devices
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Figure 1. EnvPoser can estimate the full-body motion using three
tracking signals (HMD and hand controllers) and a pre-scanned
environment mesh.

like PICO and Quest typically provide sparse tracking sig-
nals of the head and hands, presenting challenges in estimat-
ing the full-body motion from these limited observations.

Current sparse-observation-based human motion esti-
mation methods typically rely on large-scale motion cap-
ture datasets, such as AMASS [28], to capture full-body
motion through regression [14, 55] or generative mod-
els [2, 6, 8]. Alternatively, physics engines and reinforce-
ment learning have been used [39] to synthesize full-body
motion, bypassing dataset dependency. Utilizing various
advanced architectures or large-scale datasets, these meth-
ods [2, 6, 8, 39, 55] attempt to model the mapping from
sparse tracking signals to the most probable full-body mo-
tion. However, the lack of direct joint observations results in
the same sparse input often corresponding to multiple plau-
sible motions, making it a challenge for sparse-observation-
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based motion estimation algorithms to converge on the most
probable full-body motion. To address this one-to-many
mapping ambiguity, existing methods [4, 30, 31] attempt to
add sensors to regions such as the pelvis and legs to narrow
the distribution of possible motion outcomes. Although ad-
ditional sensors can enhance the accuracy and robustness of
full-body motion estimation, this approach may negatively
impact user experience due to increased hardware require-
ments [13, 17, 41, 49, 54].

Therefore, an alternative approach to addressing the in-
herent ambiguity in sparse observations is to incorporate
additional environmental constraints, as shown in Fig. 1.
Human motion is highly correlated with the surrounding
environment, which contains rich context that can provide
valuable cues for motion estimation. However, effectively
utilizing environmental constraints presents its own chal-
lenges, as existing methods [35, 55] often simplify human-
environment interactions to basic foot-to-ground contact,
overlooking the complexities of interactions. In reality, in-
dividuals frequently engage in more complex interactions
with their surroundings.

Our key insight is that joint uncertainty estimation can
explicitly model the multi-hypothesis nature of full-body
motion estimation, and by incorporating environmental in-
formation, we can reduce estimation uncertainty, guiding
the motion estimation to converge toward the most plau-
sible outcome that aligns with both the environment and
sparse input observations. Therefore, we design a two-
stage deep learning framework to handle the one-to-many
mapping ambiguity challenge. We first explicitly model
the multi-hypothesis human motion by the joint uncertainty
estimation and its sampling strategy. Then, by integrating
environmental information, we guide the uncertainty-based
multi-hypothesis motion estimations to converge on a full-
body motion that best aligns with both the environment and
sparse observations. To address the challenge of effectively
utilizing environmental information, we introduce semantic
constraints for non-contact motions, providing contextual
cues for realistic estimation, and geometric constraints for
contact scenarios, ensuring consistency and preventing col-
lisions.

The key contributions of this paper are as follows:

• We propose EnvPoser, a novel framework that signifi-
cantly advances full-body motion estimation from sparse
tracking signals by incorporating pre-scanned environ-
mental context. This framework addresses the complex-
ities of estimating human motion from sparse observa-
tions, ensuring robustness across diverse interactive sce-
narios.

• This work presents a two-stage framework for human mo-
tion estimation: an uncertainty-aware module provides
initial estimates that account for multi-hypothesis mo-
tion, while an environment-aware refinement module in-

tegrates semantic and geometric constraints to ensure re-
alistic outcomes in diverse scenarios, setting a new bench-
mark in motion estimation with environmental interac-
tions.

• Comprehensive quantitative and qualitative experiments
demonstrate that our proposed method achieves state-of-
the-art performance across two public datasets and excels
in scenarios with frequent environmental interactions.

2. Related Work
2.1. Motion estimation with sparse observations

Current Wearable-based human motion estimation ap-
proaches mainly adopt two configurations: one uses mul-
tiple inertial measurement units (IMUs) placed on body ex-
tremities [13, 17, 36, 40, 48, 54], while the other relies on
an HMD with two controllers [2, 4, 7, 14, 15, 55].

While methods utilizing six IMUs have shown im-
pressive results, HMD-based techniques leveraging sparse
three-point observations show significant potential for prac-
tical applications. For instance, AvatarPoser [14] employs a
transformer architecture to achieve accurate full-body mo-
tion. While Zheng et al. [55] developed a two-stage frame-
work to capture joint dependencies, improving motion ac-
curacy and fluidity. Some studies [1, 5, 8] address the ill-
posed problem of sparse-to-dense mapping using generative
models. Dittadi et al. [5] and Aliakbarian et al. [1] pro-
posed using Variational Autoencoders (VAE) and normal-
izing flows, respectively, to estimate full-body poses from
three tracking points. Additionally, the diffusion model
[6, 8, 35] has also shown notable performance in motion
estimation with sparse data. Despite these advances, most
methods rely solely on sparse tracking signals, leading to
high uncertainty and multiple potential poses for the same
input. Therefore, this paper introduces joint uncertainty es-
timation and constrains physically implausible motions us-
ing environmental information.

2.2. Pose regression with uncertainty estimation

The sparse nature of observations in 3D human pose es-
timation introduces significant uncertainty for unobserved
joints, as identical inputs can correspond to multiple pose
hypotheses [8, 54, 55]. This challenge is particularly ev-
ident in image-based pose estimation [3, 9, 22, 24, 43],
where monocular methods face depth ambiguity. For in-
stance, Wehrbein et al. [38] modeled the posterior distribu-
tion of 3D pose hypotheses using normalizing flows, while
MHFormer [24] employed a multi-hypothesis transformer
to capture diverse pose hypotheses through a one-to-many
mapping. Recently, Shan et al. [33] proposed diffusion-
based methods to aggregate multi-hypothesis predictions
with joint-wise re-projection.

In our paper, we aim to use uncertainty estimation
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to model the multi-hypothesis nature of motion from
sparse observations. Uncertainty in deep learning can be
categorized into two types [19]: aleatoric (data-related)
and epistemic (model-related). Li et al. [23] refined
3D poses by incorporating joint uncertainties through
uncertainty guided-sampling and uncertainty-guided self-
attention, while Zhang et al. [53] introduced a probabilis-
tic framework that encodes aleatoric uncertainty using a
robust negative log-likelihood loss, with epistemic uncer-
tainty guiding model refinement. In wearable motion es-
timation, Yang et al. [46] leveraged uncertainty to weight
IMU-derived features, enhancing pose corrections with ad-
ditional text annotations.

2.3. Scene-aware motion estimation and generation

Recent advancements in human motion estimation and gen-
eration have expanded from solely analyzing body mo-
tion to integrating interactions with the surrounding envi-
ronment, especially vision-based approaches [11, 12, 16,
34, 47, 52]. For instance, PROX [10] incorporated scene
constraints into monocular human pose estimation to ad-
dress depth ambiguity, while Shen et al. [34] used sparse
3D CNNs to estimate absolute positions and dense scene
contacts, refining human mesh recovery via cross-attention
with 3D scene cues. EgoHMR [52] leveraged ego-camera
images and diffusion models within pre-scanned environ-
ments to recover full-body motion. Similarly, S2Fusion
[35] utilized sparse observations by learning human motion
priors on synthetic datasets and conditioned motion genera-
tion on scene encoding and VR inputs. However, S2Fusion
primarily focuses on lower body and environment interac-
tions. QuestEnvsim [21] employed reinforcement learning
to generate realistic poses in highly constrained environ-
ments using HMDs. Additionally, recent studies further
emphasize the integration of scene context and historical
motion to produce plausible human motion [27, 44, 45].

These scene-aware methods underscore the importance
of environmental context for enhancing motion estimation.
Our approach builds on these foundations by comprehen-
sively leveraging human-environment interactions, address-
ing both contact and non-contact scenarios to improve mo-
tion estimation with sparse tracking signals.

3. Method
3.1. Problem Statement

Our goal is to estimate the full-body motion sequence θ =
{θt}Tt=1 ∈ RT×132 (the first 22 joints of SMPL [26] model
with the 6D representation of rotations) using the sparse
tracking signals X = {xt}Tt=1 ∈ RT×Nc from the HMD
and hand controllers, along with a pre-scanned 3D environ-
ment point cloud S, where T denotes the length of input,
Nc = 36 means the channel of input. Each sparse tracking

signal at time step t consists of the head and hand positions
pt, rotations Rt, and linear velocities vt, represented as
xt = [pt,Rt,vt]. Moreover, we utilize a cropped 3D envi-
ronment point cloud VS ∈ RNS×3, where NS , the number
of sampled points, is set to 1000. With the human transla-
tion, this point cloud refines pose estimation by incorporat-
ing environmental context, leveraging both contact and non-
contact interactions between the body and the environment
to reduce the uncertainty inherent in sparse observations.

As shown in Fig. 2, our approach is a two-stage
model comprising two core technical modules: 1) an
uncertainty-aware initial motion estimation module; and 2)
an environment-aware motion refinement module that lever-
ages semantic and geometric information from the envi-
ronment. We first train the uncertainty-aware initial mo-
tion estimation module (Stage I) on the AMASS dataset,
with a focus on explicitly capturing the multi-hypothesis
nature of motion estimation through uncertainty quantifica-
tion. Subsequently, we jointly train both modules (Stage II)
on the motion-environment interaction datasets, applying
environmental semantic and geometric constraints to refine
the multi-hypothesis estimates from Stage I into the most
plausible motion estimation.

3.2. Uncertainty-aware Initial Human Motion Esti-
mation Module

To obtain the joint uncertainty quantification and explic-
itly model the multi-hypothesis nature of motion estima-
tion, we propose an uncertainty-aware initial human motion
estimation module. This module is designed with three pri-
mary objectives: (1) to integrate historical motion states and
sparse observations for the current initial motion estimation;
(2) to effectively extract features from sparse signals; and
(3) to quantify uncertainty in motion estimation, explicitly
modeling the multi-hypothesis nature of motion under iden-
tical input conditions. Accordingly, this module comprises
three sub-modules: sparse input signal and historical mo-
tion embedding, transformer-based motion feature extrac-
tion, and human motion and joint uncertainty regression.

Sparse Input Signal and Historical Human Motion
Embedding. To integrate historical motion states and
sparse observations for the current initial motion estimation,
we adopt an auto-regressive structure in the uncertainty-
aware initial human motion estimation module. Our model
takes sparse observations X ∈ RT×36 and historical mo-
tion Xhm ∈ RT×132 as inputs, embedding these inputs
through linear layers to obtain the observation representa-
tion ZX and motion historical state representation Zhm.
Then, we concatenate the sparse observation embedding
and historical motion embedding to obtain the shallow mo-
tion representation ZS = [ZX ,Zhm], which can be used
for subsequent transformer-based feature extraction.

Transformer-based Motion Feature Extraction.
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Figure 2. Overview of EnvPoser: A Two-Stage Motion Estimation Model. Stage I involves training the uncertainty-aware initial estimation
module on the AMASS dataset to produce initial motion estimates with uncertainty quantification. Stage II refines these estimates by
training on motion-environment datasets, incorporating semantic and geometric environmental constraints.

Based on the shallow motion representation ZS , we
employ a transformer-based feature extraction module [17]
for motion features learning. To retain sequence order
information, temporal positional encoding is applied to the
shallow motion representation [37]. Using multi-head self-
attention and a position-wise feed-forward network within
the transformer encoder Ft, this module efficiently captures
intricate relationships in the sparse tracking signals and
historical motion, resulting in high-dimensional motion
features ZH = Ft(ZS). While the transformer architecture
is effective for extracting motion features, the sparsity
of the input data—limited to tracking signals from the
head and hands—introduces high uncertainty in estimating
unobserved joints, particularly in the lower body. This
uncertainty arises from the lack of direct observations for
these joints, making their estimation inherently ambiguous.
To address this challenge, we incorporate a mechanism to
quantify the uncertainty in joint estimations.

Human Motion and Joint Uncertainty Regression.
With the high-dimensional motion features ZH , we em-
ploy a pose regression network Fph(·) to predict the hu-
man motion θ̃ = Fph(ZH). Given the sparse nature of the
input signals, capturing joint uncertainty is crucial in map-
ping the limited observations to a full-body motion estima-
tion. To achieve this, we utilize a heteroscedastic neural
network [19, 23] to estimate the joint uncertainty. Specifi-
cally, an uncertainty regression head Fuh(·) is employed on
the high-dimensional motion feature to estimate the joint
uncertainty δ ∈ RT×132 of the predicted motion.

Using the predicted motion and its associated uncer-
tainty, we resample the full-body motion θ around the pre-
dicted mean motion θ̃ according to a Gaussian distribution

N (θ̃, δ) with the uncertainty δ. This resampling technique
introduces a multi-hypothesis representation, characterizing
the inherent ambiguity in the unobserved joints. To ensure
differentiability throughout the model training process, we
apply the reparameterization trick on this sampling opera-
tion, drawing a parameter ϵ from a standard Gaussian dis-
tribution N (0, 1), represented by θ = θ̃ + δ · ϵ.

Through the uncertainty regression head, we can ob-
tain the joint uncertainty estimation for predicted human
motion, enabling a multi-hypothesis motion representation
with the sampling strategy. We pre-train the first stage of
our method on the large synthetic dataset AMASS [28].
Based on the predicted mean human motion θ̃ and uncer-
tainty δ, we train the first stage module with the following
loss function:

LM = ∥θ̃ − θ∥2, (1)

where θ represents the ground-truth of human motion. Ad-
ditionally, to ensure accurate uncertainty prediction, we also
incorporate an uncertainty estimation loss as [19] stated:

Lδ = ∥ θ̃ − θ

δ
∥2 + log(∥δ∥2). (2)

Thus, based on the uncertainty-aware initial human mo-
tion module, the objective function for Stage I is defined as
follows:

LS−I = λMLM + λδLδ, (3)

where the λM and λδ are the hyper-parameters for Stage I
training.

Training Stage I on the AMASS dataset, along with the
design for motion uncertainty quantification, allows our net-
work to effectively capture the multi-hypothesis nature of
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motion estimation arising from sparse observations. To ad-
dress the inherent one-to-many ambiguity, we introduce en-
vironmental information as a refinement stage. By incorpo-
rating both semantic and geometric environmental informa-
tion, our method guides the multi-hypothesis motion esti-
mates to converge toward the solution that best aligns with
the sparse observations and environmental constraints.

3.3. Environment-aware Human Motion Refine-
ment with Semantic and Geometry Constraint

Based on the initial motion estimation and its uncertainty
produced by the first-stage uncertainty-aware module, we
further refine the multi-hypothesis human motion estimates
using the pre-scanned environment point clouds collected
by real-world devices. To effectively utilize the environ-
mental information, our design is guided by a key insight:
human motion within an environment involves both ob-
ject interactions (contact scenarios) and collision avoidance
(non-contact scenarios). In this module, the environment
point clouds are processed through cropping, sampling, and
encoding. We then apply constraints based on the environ-
ment’s semantic and geometric properties to ensure that the
full-body motion estimation realistically aligns with the sur-
rounding context.

Environmental Point Cloud Embedding. To enhance
computational efficiency and focus on relevant interaction
areas, we first clip the environmental point clouds based on
the human’s global position. A circular sampling approach
is used to minimize the impact of body orientation, selecting
a 1-meter radius around the body and uniformly distributing
NS points within this area, denoted as VS ∈ RNS×3. The
cropped environmental point cloud VS is then processed by
the environment encoder Fenv(·) to obtain the environmen-
tal point cloud embedding Zenv , represented by:

Zenv = Fenv(VS), (4)

where the environment encoder Fenv(·) is implemented us-
ing the vanilla PointNet++ [32]. The extracted environmen-
tal embedding would be used in the environment semantic-
aware motion refinement.

Environment Semantic-Aware Constraint for Motion
Refinement. Capturing semantic information from the en-
vironmental point cloud provides crucial guidance for mo-
tion generation [27, 44, 47], as human motion is highly cor-
related with environmental context. Therefore, leveraging
this motion-environment correlation as a valuable supple-
ment has the potential to enhance the sparse-observation-
based human motion estimation. Inspired by [27, 34], we
employ a cross-attention module between the initial mo-
tion estimates and the cropped environmental point clouds
to refine the human motion estimation. This module com-
prises an environment-embedding network, a motion in-
formation embedding network and an environment-motion

cross-attention network.
The motion information embedding network Fmotion(·)

takes the sampled motion estimation θ̃, head translation
phead and the extended sparse observations Xnew =
{X,h,θup} ∈ RT×40 as input. The extended sparse ob-
servations Xnew include the relative head height h and
head up-vector θup, obtained via a relative head height cal-
culation module. Following [17, 20], this module calcu-
lates terrain height by using the height of the feet when
stationary and nearby environmental points, and then de-
termines h as the difference between the absolute head
height from the HMD and the estimated terrain height.
These inputs are concatenated and processed through lin-
ear layers to produce the motion information embedding
ZM = Fmotion(concat(θ,p

head,Xnew)).
For the environment-motion cross-attention network, the

Key K and Value V vectors can be obtained by multi-
plying the weight matrix W k,W v with the environmental
embedding Zenv , while the motion information embedding
ZM multiplies the weight matrices W q to get the Query
Q vectors. Inspired by [25, 27], we incorporate a spa-
tial salience sspatial = MLP (VS) that expects our cross-
attention model to be able to perceive the distance between
environmental points clouds and human bodies. Using the
spatial salience sspatial in conjunction with attention scores
Attn(Q,K), we derive a motion-environment representa-
tion ZME , which could be represented by

ZME = (Attn(Q,K) + sspatial) · V . (5)

Then, by concatenating the motion-environment repre-
sentation ZME with the motion information embedding
ZM and passing them through an MLP network, we ob-
tain the environment-refined motion representation ZRM =
MLP (concat(ZME ,ZM )).

Using the environment-refined motion representation
ZRM , which integrates environmental semantics and spa-
tial priors between the human and environment, the model
can then regress the probability of human-environment con-
tact and generate the final motion estimation.

Motion Regression with Contact Estimation. With
the environment-refined motion representation ZRM , we
estimate the contact probability C = {c}Tt=1 ∈ RT×22

and regress the final human motion θ̂RM . We take
the environment-refined motion representation ZRM and
the extended sparse observations Xnew as input, and
apply two-layers MLP layers on the concatenated in-
put to get the contact probability prediction Ĉ =
MLP (concat(Xnew,ZRM )).

Contact probability prediction is typically treated as a
binary classification problem, where Binary Cross Entropy
(BCE) loss is used for training:

Lcontact = BCELoss(Ĉ,C). (6)
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Finally, the contact probability Ĉ and environment-refined
motion representation ZRM are concatenated to regress the
final motion with a motion decoder network Fout(·):

θ̂RM = Fout(concat(ZRM , Ĉ)), (7)

where Fout(·) consists of two linear layers with a ReLU
activation function. We then obtain the final motion loss:

LM ′ = ∥θ̂RM − θ∥2. (8)

Scene Geometry-Aware Constraint for Motion Re-
finement. To complement semantic-level constraints, we
leverage the geometric structure of the environment to en-
hance motion estimation accuracy, especially in human-
environment interactions (contact scenarios). A straight-
forward approach is to detect collisions between the es-
timated human motion and the environment point cloud,
thereby refining unrealistic motions. While existing meth-
ods [10, 50] often convert 3D environments into Signed Dis-
tance Fields (SDF) for collision detection, this approach can
be computationally intensive. Inspired by recent advance-
ments [29, 52], we instead employ the COAP model [29] to
efficiently compute collisions between the human body and
environmental points. With this novel model and the envi-
ronment point clouds, the COAP-based collision loss [52]
can be formulated as:

Lcoap =
1

NS

NS∑
i=1

σ(fΘ(VSi
|G))IfΘ(VSi

|G)>0, (9)

where VS denotes the cropped environment point clouds,
with NS representing the number of points. Θ represents
the transformation parameters of the human body, encom-
passing both the motion pose θ and shape β. fΘ(VSi

|G)
represents the spatial relationship between the human body
model and environmental points. The function σ(·) is the
Sigmoid function, which maps the value of fΘ(VSi

|G) to a
range between 0 and 1.

Since most motions occur on the ground, we remove
ground points from the scene to ensure that the COAP-
based collision loss specifically targets interactions with
surrounding objects. To account for interactions with the
ground, we introduce additional constraints, including foot
contact, foot height, and ground penetration losses [55]:

Lfc = ∥(P̂
feet

RM − P feet) ·C∥1,

Lgfh = ∥ẑfeet
PRM

− zground∥1,

Lgp = ∥(ẑmin
PRM

− zground) · l∥1,

(10)

where the ẑfeet
PRM

and zground means the height of feet joint
positions and the floor height, and l denotes whether the
joint is lower than the ground.

Final Loss Function. In addition to the first stage loss
(Eq.2, Eq.1), COAP-based collision loss (Eq.9), contact
loss (Eq.6), foot-ground loss (Eq.10) and final motion loss
(Eq.8), we also apply some additional losses to improve
model training. With the forward kinematic chain, the joint
position P , P̂RM , and the global hands positions P hand,
P̂

hand

RM could be calculated by the motion pose θ and θ̂. To
penalize the errors accumulating along the kinematic chain,
we apply a joint position loss (Lposi) and a hand alignment
loss(LhAL):

Lposi = ∥P̂RM − P ∥2, LhAL = ∥P̂
hand

RM − P hand∥1.
(11)

Therefore, with the technical analysis provided above,
we can formulate the second stage objective function as fol-
lows:

LS−II = LS−I + LM ′ + λ1Lposi + λ2LhAL + λ3Lfc

+ λ4Lcontact + λ5Lgfh + λ6Lgp + λ7Lcoap.
(12)

Here, {λi}i=1,...,7 represents the hyperparameters. Our
model is first trained on the AMASS using the Eq. 3 and
then fine-tuned on a motion-environment interaction dataset
with Eq. 12. The training process and selection of hyperpa-
rameters can be found in the supplementary material.

4. Experiments

This section introduces the datasets, metrics, and compet-
ing algorithms used in our experiments. We then com-
pare our method EnvPoser with state-of-the-art algorithms,
highlighting its advantages in motion estimation. Finally,
ablation studies validate the effectiveness of each module.
Additional case studies and discussions are provided in the
supplementary materials.

Datasets. To comprehensively evaluate the efficacy of
our proposed method, we conduct experiments on two chal-
lenging public motion-scene interactions datasets: Egobody
[51] and GIMO [56] datasets. Detailed information about
these datasets can be found in the supplementary document.

Competing methods. We compare the motion estima-
tion performance of the proposed model with the state-
of-the-art competing methods, including AvatarPoser [14],
AGRoL [6], AvatarJLM [55], and S2Fusion [35] on two
public datasets. We re-train all competing methods on the
EgoBody and GIMO datasets until convergence. For the re-
sults on the GIMO dataset, we reused the values reported in
previous studies [35]. For the EgoBody dataset, we tested
our trained model under real-time settings and presented the
results as follows. It is worth noting that S2Fusion [35] is
not fully open-source; therefore, we reproduced S2Fusion
based on the details provided in its paper and partial open-
source code, marking it as S2Fusion* in this experiment.
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Figure 3. Visualization of motion estimation on three test sequences from EgoBody Dataset [51].

EgoBody

MPJRE(°) MPJPE(mm) MPJVE(mm/s) Jitter

AvatarPoser[14] 6.80 97.8 237.3 11.0
AGRoL[6] 7.21 100.9 370.3 21.1
AvatarJLM[55] 6.42 91.7 177.4 7.2
S2Fusion*[35] 6.65 89.2 219.4 12.5
EnvPoser 6.00 74.7 174.0 6.6

GIMO

MPJRE(°) MPJPE(mm) MPJVE(mm/s) Jitter

AvatarPoser[14] 7.02 91.3 324.0 16.4
AGRoL[6] 6.58 88.6 269.4 12.5
AvatarJLM[55] 4.95 70.7 258.1 10.7
S2Fusion[35] 4.65 57.8 235.7 10.1
EnvPoser 4.38 57.6 234.6 8.9

Table 1. The performance comparison with SOTAs.

Metrics. Following [35, 55], we use these metrics for
evaluation: 1) MPJRE [°]: The mean joint rotational er-
ror across all body joints, measured in degrees; 2) MPJPE
[cm]: The mean positional error per joint, measured in cen-
timeters. 3) MPJVE [cm/s]: Represents the average error
in joint velocities, expressed in centimeters per second; 4)
Jitter : Measures motion smoothness by calculating the av-
erage jerk (rate of change of acceleration) across all joints,
with lower values indicating smoother motion.

4.1. Comparison with the State-of-the-Art

Quantitative Experimental Analysis. We compare our
proposed method with the competing methods on the two
public motion-environment interaction datasets. Among
these, AvatarPoser [14], AGRoL [6], and AvatarJLM [55]
are the SOTAs that rely solely on sparse tracking sig-
nals. As shown in Tab. 1, our model, which incorporates
pre-scanned environmental point cloud information, effec-
tively constrains the uncertainty in motion reconstruction
caused by sparse tracking signals. Compared to Avatar-

Figure 4. Qualitative Comparison of Interaction Details.

JLM [55], which does not utilize environmental informa-
tion, our method achieves significant improvements on two
key metrics—MPJRE and MPJPE—by 0.42 (6.5%)/17.0
(18.5%) and 0.57 (11.5%)/13.1 (18.5%) on the EgoBody
and GIMO datasets, respectively. These results under-
score the increased accuracy in motion estimation achieved
through the integration of environmental information.

Additionally, we benchmark our model against the latest
algorithm S2Fusion [35], which introduces environmental
information as a constraint for human motion estimation.
On the GIMO dataset, our method reduces MPJRE errors
by 5.8% compared to S2Fusion [35], and it outperforms
S2Fusion across all evaluation metrics, demonstrating the
superior effectiveness of our approach in leveraging envi-
ronmental information. Moreover, the motion estimation
performance of our method also outperforms S2Fusion* on
the EgoBody dataset, which reduces MPJRE and MPJPE er-
rors by 9.8% and 16.3%. Furthermore, our method shows a
marked improvement in motion smoothness, with an 11.9%

1845



EgoBody GIMO

MPJRE MPJPE MPJRE MPJPE

①Baseline 7.45 87.1 5.72 74.6
②w/o env-semantic 6.04 78.0 4.55 62.5
③w/o env-geometry 6.03 77.5 4.63 63.2
EnvPoser 6.00 74.7 4.38 57.6

Table 2. The ablation study on environment refinement module.

reduction in Jitter over S2Fusion and a 16.8% improvement
over AvatarJLM on the GIMO dataset.

Qualitative Experimental Analysis. Fig. 3 showcases
the motion estimation results on the EgoBody dataset,
where we present three representative sequences and visu-
alize the human motion estimation results at key moments.
For state-of-the-art algorithms that do not incorporate en-
vironmental information, the visualization results in Fig. 3
show multiple instances of environment penetration during
interactions. For example, AvatarJLM exhibits errors such
as hand intersections with walls (second row) and leg pene-
trations through boxes (third row). Furthermore, in scenar-
ios without chairs, squatting motions are misinterpreted as
sitting (first row) in AvatarJLM due to the absence of en-
vironment understanding. In contrast, EnvPoser effectively
leverages environmental information to reduce penetration
errors and produce more realistic motion estimates.

In more challenging interaction scenarios, EnvPoser
shows certain advantages over S2Fusion, which also incor-
porates environmental information. Notably, S2Fusion fails
to prevent interpenetration between the lower body and sur-
rounding objects (third row in Fig. 3). Moreover, Fig. 4 pro-
vides a comparison between EnvPoser and S2Fusion, high-
lighting the advantages of our approach in handling upper-
body interactions with objects and complex lower-body mo-
tions through the integration of uncertainty modeling and
environmental semantic/geometric constraints. Addition-
ally, compared to AvatarJLM, both EnvPoser and S2Fusion
demonstrate the effectiveness of incorporating environmen-
tal information to improve human motion estimation.

4.2. Ablation Study

Effectiveness of the environment-aware refinement
module. We conducted ablation studies comparing our
method with three variants: ① Baseline: an auto-regressive
transformer-based network with joint uncertainty estima-
tion; ② w/o env-semantic: incorporating only geometric
constraints; ③ w/o env-geometry: incorporating only se-
mantic constraints. Tab. 2 presents the motion estimation
performance for each variant. Compared to variant ①, our
method achieves substantial improvements by integrating
both semantic and geometric environmental information.
Further analysis shows that each environment-aware refine-
ment module independently enhances performance, with
the combination yielding the best overall results.

EgoBody GIMO

MPJRE MPJPE MPJVE MPJRE MPJPE MPJVE

1)Baseline w/o UNC 7.63 90.8 333.0 5.90 77.5 270.2
2)Baseline 7.45 87.1 342.9 5.72 74.6 266.7

3)EnvPoser w/o UNC 6.56 80.1 172.7 4.45 60.2 278.6
EnvPoser 6.00 74.7 174.0 4.38 57.6 234.6

Table 3. The effectiveness of the uncertainty estimation.

Effectiveness of the uncertainty estimation. As shown
in Tab. 3, we compare two variants: 1) Baseline w/o UNC:
a baseline without uncertainty estimation and 2) Baseline: a
baseline with uncertainty estimation. Results show that in-
tegrating the uncertainty estimation module not only quan-
tifies joint uncertainty across motions but also improves
full-body motion estimation through additional supervision.
We further incorporated both baseline methods into the
environment-aware refinement module. As shown in Tab. 3,
our method achieves significant improvements over variant
3) EnvPoser w/o UNC: our method without uncertainty es-
timation, reducing MPJRE and MPJPE errors by 8.11% and
5.68%, respectively, on the EgoBody dataset. These re-
sults indicate that the uncertainty estimation and resampling
methods effectively capture the multi-hypothesis nature of
initial motion estimates and, when combined with environ-
mental refinement, adaptively align motion estimation with
sparse tracking signals and environmental context.

5. Conclusions
This paper presents a novel two-stage framework for reli-
able human motion estimation leveraging sparse tracking
signals and environmental context. In the first stage, we
model the multi-hypothesis nature of motion through un-
certainty estimation, followed by a refinement phase that
applies environment-aware constraints from both semantic
and geometric perspectives. Extensive experiments show
that EnvPoser outperforms existing methods, particularly in
complex interaction scenarios, highlighting the significance
of environmental context in wearable motion estimation and
paving the way for future approaches to harness this valu-
able contextual information. This work has the potential to
impact a wide range of interactive applications that benefit
from more accurate and context-aware motion estimation.
Limitations and future works. The model assumes a static
environment, lacking consideration for dynamic multi-user
interactions or object motion, which may limit its effective-
ness. This limitation could be addressed by incorporating a
third-person perspective to estimate the movement of other
people and objects, along with additional semantic and ge-
ometric constraints. Furthermore, real-time mesh quality in
complex environments is often limited, which may affect
performance. Future work will explore using raw images
to infer contacts in complex scenes via 2D semantic under-
standing and introducing additional constraints to improve
overall reconstruction quality.
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