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(a) Egocentric whole-body motion estimation results. (b) Avatar driving example.

(a) Egocentric whole-body tracking results.
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Figure 1. Real-time and high-fidelity whole-body motion estimation from stereo egocentric images. We propose REWIND, a novel
egocentric image-conditioned diffusion model for high-quality 3D whole-body motion estimation. REWIND is real-time, causal, and
generalizable to unseen motion lengths, making it seamlessly applicable for driving photorealistic avatars or meshes. Please refer to the
supplementary video, which demonstrates that REWIND estimates significantly more plausible motions compared to existing methods.

Abstract

We present REWIND (Real-Time Egocentric Whole-
Body Motion Diffusion), a one-step diffusion model for real-
time, high-fidelity human motion estimation from egocen-
tric image inputs. While an existing method for egocentric
whole-body (i.e., body and hands) motion estimation is non-
real-time and acausal due to diffusion-based iterative mo-
tion refinement to capture correlations between body and
hand poses, REWIND operates in a fully causal and real-
time manner. To enable real-time inference, we introduce
(1) cascaded body-hand denoising diffusion, which effec-
tively models the correlation between egocentric body and
hand motions in a fast, feed-forward manner, and (2) dif-
fusion distillation, which enables high-quality motion esti-
mation with a single denoising step. Our denoising diffu-
sion model is based on a modified Transformer architec-
ture, designed to causally model output motions while en-
hancing generalizability to unseen motion lengths. Addi-

tionally, REWIND optionally supports identity-conditioned
motion estimation when identity prior is available. To this
end, we propose a novel identity conditioning method based
on a small set of pose exemplars of the target identity, which
further enhances motion estimation quality. Through ex-
tensive experiments, we demonstrate that REWIND signif-
icantly outperforms the existing baselines both with and
without exemplar-based identity conditioning.

1. Introduction
Egocentric human motion estimation is essential for deliv-
ering immersive and realistic experiences in AR/VR appli-
cations, such as gaming and telepresence. For instance,
imagine engaging in a conversation with your friend in a
virtual environment. The quality of estimated whole-body
(i.e., body and hands) motion is crucial in creating a realis-
tic experience in interpersonal communication, while subtle
pose changes (e.g., finger poses in Fig. 1b) can significantly
impact the intended message.
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Developing a live-drivable method that enables accurate
and realistic egocentric whole-body motion estimation is
thus essential. However, existing egocentric pose or mo-
tion estimation methods fall short in achieving the accu-
racy and speed needed for highly realistic VR/AR expe-
riences. They typically focus on tracking body-only mo-
tions [1, 2, 6, 23, 47, 48, 51], neglecting the importance
of hands in fully capturing the intricacies of human mo-
tions [49]. Directly extending the existing body-only esti-
mation methods for whole-body estimation yields subopti-
mal results, as body and hands significantly differ in scale in
both input images and output motions [5, 11, 31, 37, 54, 59].

To address this challenge, EgoWholeMocap [49], the
first method for whole-body motion estimation from ego-
centric images, proposes to leverage specialist models for
body and hands. It first performs per-frame pose estima-
tion for body and hands separately, and then refines the out-
put poses using an unconditional whole-body motion prior
to model correlations between different body parts. While
this approach improves whole-body motion estimation per-
formance, it is non-real-time and acausal (i.e., depends on
future information) due to iterative refinement steps using
an acausal diffusion-based motion prior. Thus, it cannot be
used for real-time egocentric motion tracking applications.

In this work, we introduce REWIND (Real-Time
Egocentric Whole-Body Motion Diffusion), a one-step dif-
fusion model for real-time, high-fidelity human motion es-
timation from egocentric image inputs. To achieve both
fast inference speed and high whole-body motion accuracy,
we first introduce cascaded body-hand denoising diffu-
sion (Sec. 3.1), where body motion is sampled first and then
hand motion is sampled conditioned on the previously sam-
pled upper body motion. This cascading scheme approxi-
mately models the correlation between body and hands in
a fast, feed-forward manner (cf. iterative whole-body re-
finement used in EgoWholeMocap [49]) while still inherit-
ing the advantages of specialized body and hand estimation
(e.g., effectively handling domain differences). We further
argue that this approach is particularly effective for our tar-
geted egocentric image inputs, where hands are often placed
outside the field of view or occluded. As hands and upper
body poses are known to have meaningful correlations [33],
conditioning on estimated upper body motion – often pro-
vided with more reliable input egocentric observations (e.g.,
Fig. 1a) – can effectively reduce hand motion ambiguities.

We build these specialist denoising diffusion mod-
els based on causal relative-temporal Transformer
(Sec. 3.2), which is fully causal and generalizable to unseen
motion lengths. We use windowed relative-temporal atten-
tion to learn temporal motion features that are invariant to
the total sequence length or absolute timesteps, in contrast
to motion diffusion models based on vanilla attention (e.g.,
motion prior used in EgoWholeMocap [49]). During net-

work training, we employ diffusion distillation (Sec. 3.3)
to enable real-time inference (> 30 FPS) with a single de-
noising step, while preserving high output motion quality.

Not only introducing an effective real-time framework,
we take a step further and explore identity-aware motion
estimation to further enhance output quality when an addi-
tional identity prior is available. To this end, we propose
novel exemplar-based identity conditioning (Sec. 3.4),
where motion estimation is conditioned on the target iden-
tity parameterized by a small set of pose exemplars. While
this identity parameterization has not yet been considered in
existing works on human pose or motion estimation, we em-
pirically find it to be the most effective compared to widely
used identity parameterizations (e.g., height, bone lengths,
shape parameters). In the experiments, REWIND achieves
state-of-the-art whole-body motion estimation results, both
with and without additional identity priors. Please also
refer to our supplementary video, where REWIND esti-
mates significantly more plausible motions than the base-
lines [49, 51], even from challenging egocentric input ob-
servations (e.g., occluded or truncated views).

2. Related Work

2.1. Egocentric Body Pose Estimation

Recently, various egocentric body pose or motion estima-
tion methods have been proposed for different input do-
mains (e.g., sensors [8, 21, 22] or images [26, 49, 51, 52]).
Here, we focus on existing methods for estimating the
pose of a head-mounted device wearer from image in-
puts, which are most relevant to our work. These meth-
ods can be broadly categorized into two groups based on
whether they utilize front-facing or down-facing egocen-
tric cameras. Methods using front-facing egocentric cam-
eras [15, 25, 26, 29, 32, 52] assume that the wearer’s body
is not visible from the input viewpoint. Thus, they formu-
late the problem as a motion generation or inpainting task,
conditioned on head-mounted camera poses [26, 52], hand
poses [52], or the body poses of social interactees [32]. On
the other hand, methods using down-facing egocentric cam-
eras [1, 2, 6, 23, 47–49, 51] focus on recovering 3D body
poses from visual observations. However, they still suf-
fer from self-occlusions and truncated views caused by the
egocentric viewpoint. To address these challenges, some
methods incorporate motion priors [47, 49] or scene in-
formation [2, 48] to reduce pose ambiguities, while oth-
ers propose novel network architectures to better handle
uncertainty [6, 23]. In this work, we focus on egocen-
tric motion estimation using stereo down-facing cameras.
Unlike most existing methods, which estimate body-only
poses [1, 2, 6, 23, 47, 48, 51], we aim to estimate whole-
body poses (i.e., body and hands) for more comprehensive
motion modeling.
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2.2. Whole-Body Pose Estimation
Whole-body pose or motion estimation aims to jointly pre-
dict the poses of body and hands. The main technical chal-
lenge lies in the scale and pose distribution differences be-
tween different body parts. To address this, most existing
works [5, 11, 31, 37, 54, 59] use separate models to predict
each body part and merge the results, often with an optional
integration network [11, 54] or post-processing [37] to im-
prove alignment between the body parts. However, these
methods primarily focus on exocentric image inputs, leav-
ing egocentric whole-body pose estimation largely unex-
plored. Recently, EgoWholeMocap [49] introduced the first
whole-body pose estimation method for egocentric image
inputs, based on separate body and hand pose estimation
with diffusion-based motion refinement. While EgoWhole-
Mocap employs an unconditional whole-body motion dif-
fusion prior for post-processing, we directly train a motion
diffusion model conditioned on egocentric inputs to predict
motion that is more coherent with the input observation.

2.3. Motion Diffusion Models
We review existing motion diffusion models that model
arbitrarily long motion and identity-conditioned motion,
which are two key objectives of our work. Since these chal-
lenges remain underexplored in egocentric motion estima-
tion, we primarily discuss prior work on unconditional or
text-conditional motion generation.
Arbitrarily long motion. Some works propose motion dif-
fusion models that can generalize to motions longer than
training instances [4, 34, 39, 56]. For example, Dou-
bleTake [39], STMC [34], and DiffCollage [56] propose
generating multiple motion segments, each with a tempo-
ral length within the training distribution, and then apply-
ing a special sampling mechanism to smoothly combine
them into a longer motion. However, these methods rely
on future information for motion composition. The most
related work to ours is FlowMDM [4], which introduces
a novel Transformer-based architecture [46] using relative
positional encoding [42] to improve temporal extrapolation.
However, it still relies on future information and partially
incorporates absolute positional encoding [46], which lim-
its its temporal generalization capability. In this work, we
propose utilizing relative positional encoding [42] similar
to FlowMDM, but we completely eliminate dependencies
on (1) absolute frame timesteps to extract motion features
invariant to sequence length, and (2) future information to
make it more suitable for real-time applications (Sec. 3.2).
Identity-conditioned motion. A few recently proposed
methods focus on identity-conditioned motion genera-
tion [44, 50]. HUMOS [44, 50] conditions the motion diffu-
sion model on SMPL [27] shape parameters. Due to the lack
of datasets with paired motion and identity annotations [44],
it proposes a novel loss function to learn identity-specific

motions from unpaired training data. SMD [50] introduces
a spectral feature encoder to integrate the template mesh of
the target identity into the motion diffusion model. Inspired
by these motion diffusion models proposed for uncondi-
tional or text-conditional motion generation, we introduce
the first method for identity-conditioned egocentric motion
estimation.

3. Egocentric Whole-Body Motion Estimation
Our goal is to estimate first-person whole-body motion
from egocentric image inputs in real time. Motivated by
existing image-based pose or motion estimation methods
that demonstrate that diffusion models [17, 40] are effec-
tive at handling occluded or out-of-view body observa-
tions [10, 14, 18, 41, 49, 52, 57, 58], we propose a diffusion-
based approach. Formally, our denoising diffusion network
models whole-body motion conditioned on input egocentric
observations:

p� (J
1:T |�1:T

), (1)

where p� denotes the model distribution parameterized by
the diffusion network weights �. J1:T represents a sequence
of whole-body poses, and �

1:T denotes a sequence of input
egocentric observations over T frames. At each timestep
t 2 (1, T ), a whole-body pose Jt is represented by NJ

number of 3D keypoints, and an egocentric observation �
t

consists of stereo egocentric images and camera poses:

�
t
= [IL, IR,CL, CR]. (2)

Iv2{L, R} 2 RC⇥W⇥H is an egocentric image captured
from the viewpoint v, and Cv2{L,R} = [Rv|tv] 2 R3⇥4

is the corresponding camera pose, with camera rotation
Rv 2 R3⇥3 and translation tv 2 R3⇥1. Note that
SLAM systems in recent head-mounted devices [9] achieve
millimeter-level accuracy [52], thus camera poses are con-
sidered as additional inputs in recent egocentric tracking
methods [15, 28, 52]. In the following subsections, we dis-
cuss each component of our method, designed to achieve
real-time, fully causal whole-body motion estimation.

3.1. Cascaded Body-Hand Denoising Diffusion
Whole-body motion estimation is challenging due to the
scale and pose distribution differences between body and
hands [5, 11, 31, 37, 54, 59]. To address this, the cur-
rent state-of-the-art method for egocentric whole-body mo-
tion estimation (EgoWholeMocap [49]) employs specialist
models for body and hand pose estimation to handle domain
differences, along with output refinement using an uncondi-
tional motion diffusion prior to model correlations between
different body parts. However, we argue that this approach
may be suboptimal, because (1) the additional refinement
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(b) Attention comparisons.

Figure 2. (a) Pipeline overview. Given a sequence of stereo egocentric images and camera poses, our diffusion model first estimates 3D
body motion and then estimates 3D hand motion conditioned on the 3D upper body motion. Our motion estimation can be optionally
conditioned on the exemplar-based identity prior when available (Sec. 3.4). Through an optional inverse kinematics step (refer to the
supplementary for details), our tracking results can be used to drive meshes or photorealistic avatars. (b) Attention comparisons. Com-
pared to vanilla self-attention (i.e., acausal, global attention) commonly used in existing works, the proposed causal windowed attention
conditioned on relative timesteps enhances generalization to unseen motion lengths (Sec. 3.2).

steps slow down inference speed, and (2) the use of an un-
conditional motion prior is less effective for predicting mo-
tions highly coherent with the input image observations. To
address these, we propose cascaded body-hand denoising
diffusion, a crucial component that enhances both the accu-
racy and efficiency of egocentric whole-body motion esti-
mation.

In a nutshell, our idea is to first estimate a body mo-
tion, and then condition the subsequent hand motion esti-
mation on the estimated 3D upper body motion. This was
inspired by existing work [33] that demonstrated a mean-
ingful correlation between 3D upper body and hand poses.
Note that our cascading approach enables the fast, feed-
forward capture of the approximated correlation between
body and hands (cf. iterative whole-body refinement in
EgoWholeMocap [49]), while still benefiting from special-
ized body and hand estimation to effectively handle domain
differences. We also argue that this approach is particularly
effective for egocentric hand estimation, where input hand
observations are often highly ambiguous (e.g., hands are
frequently placed outside of the field of view or occluded by
other body parts as shown in Fig. 1). By conditioning the
output hand motion on the estimated 3D upper body mo-
tion, which is often more reliably observed in the input ego-
centric views, we can effectively reduce ambiguity in hand
estimation.

Formally, we reformulate the egocentric-conditioned
whole-body motion distribution in Eq. 1 as:

p� (J1:T |�1:T ) ⇡ p�B (J
1:T
B |�1:T ) p�H (J1:T

H |J1:T
Bupper , �

1:T ),
(3)

where the subscripts B, Bupper, and H represent the
body, upper body, and hands, respectively. During train-
ing, we separately train body and hand specialist models

to learn p�B (J
1:T
B |�1:T

) and p�H (J
1:T
H |J1:T

Bupper
, �

1:T
), re-

spectively. During inference, we simply sample from each
of the learned distributions in a cascaded manner. In the
experiments (Sec. 4), we empirically demonstrate that this
cascaded approach outperforms (1) a method that estimates
body and hands with specialist models followed by iterative
whole-body refinement (EgoWholeMocap [49]), and (2) a
method tha estimates body and hands in a joint, parallel
manner.

3.2. Causal Relative-Temporal Transformer
We now describe our network architecture design for the
specialist models for body and hands. Recent motion diffu-
sion models have demonstrated that Transformer encoder-
based architectures are highly effective for learning motion
distributions and have become the dominant choice in the
field (e.g., [4, 39, 43–45, 49, 55]). However, these mod-
els typically generate fixed-length motions using vanilla
self-attention with absolute timestep encoding, which limits
their ability to generalize to motion lengths unseen during
training. To address this, several methods have been pro-
posed for diffusion-based long motion generation or com-
position [4, 34, 39, 56], but they rely on future information
for temporal extrapolation, as discussed in Sec. 2.3.

In this work, we introduce the causal relative-temporal
Transformer, a modified Transformer encoder-based archi-
tecture that learns temporal features invariant to total mo-
tion length or future frames, making it fully causal and in-
herently generalizable to arbitrary motion lengths. In a nut-
shell, our key idea is to adopt Rotary Positional Encoding
(RoPE) [42] to condition attention scores on relative tem-
poral distances between input tokens while restricting each
token’s neighborhood (i.e., the domain over which self-
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attention is applied) to ws 2 N past frames. Formally, our
self-attention function A(·, ·, ·)j for j-th frame given query,
key value matrices is defined as:

A(Q,K,V)j =

Pj
i=j�ws Rj ✓(qj)

T Ri ⇢(ki)vi
Pj

i=j�ws ✓(qj)
T ⇢(ki)

, (4)

where Q,K,V 2 RD⇥T are query, key, and value matri-
ces, and qi,ki,vi 2 RD denote the column vectors of each
matrix for timestep i, respectively. ✓(·) and ⇢(·) are fea-
ture projection functions (e.g., MLP). Ri 2 SO(D) is a
D-dimensional rotation matrix parameterized by timestep i

as proposed in [42]. Note that the attention score, involv-
ing the dot product between Rj ✓(qj) and Ri ⇢(ki), de-
pends on the relative rotation Ri�j parameterized by the
relative timestep of the i-th token with respect to the j-th
token. Thus, the output features remain invariant to their
absolute timesteps, unlike the positional encoding used in
vanilla self-attention [46]. In addition, our self-attention for
j-th frame is performed over the input frames within the
temporal window [j � ws, j]. Since the output features de-
pend only on a fixed number of past frames, they remain
invariant to the total motion length and do not rely on fu-
ture information. In the experiments (Sec. 4), we demon-
strate the effectiveness of this design choice in comparison
to other temporal model variants.
Building body and hand specialist models. Using the pro-
posed causal relative-temporal Transformer, we now dis-
cuss the details of building the denoising diffusion networks
D�B(·) and D�H(·) to model the distributions p�B(·) and
p�H(·) in Eq. 3, respectively. Note that we use the same
network design for both the body and hand specialist mod-
els, with the only difference being that the hand model takes
an additional upper body conditioning input. Thus, for sim-
plicity, we will base our explanation on the body model and
omit the body and hand subscripts (B and H). In overview,
our network takes as inputs a sequence of egocentric obser-
vations �1:T , a sequence of diffused keypoints J̃1:T

k , and the
corresponding diffusion time k, and estimates a sequence
of clean keypoints J̃1:T

0 at diffusion time 0. First, we ex-
tract frame-based features for the egocentric observations
at each timestep t by encoding (1) 2D keypoints and their
uncertainty scores estimated from the images, (2) camera
parameters, and (3) diffusion time. Next, we concatenate
these conditioning features to the input diffused keypoints
J̃1:T
k and apply graph convolutions [7] on the human skele-

tal graph to extract structural features. We then apply our
causal relative-temporal transformer (Sec. 3.2) to extract
temporal features, followed by a regression head to esti-
mate the final motion. For the diffusion formulation, we
use DDPM [17] for training and DDIM [40] for inference.
For additional implementation and training details (e.g., full
loss functions), we refer readers to the supplementary ma-
terial.

3.3. Diffusion Distillation
While diffusion models have shown effective for human
pose or motion estimation [10, 14, 18, 41, 49, 52, 57, 58],
their inference is typically slow due to multi-step sam-
pling. To mitigate this, we leverage diffusion distilla-
tion [12, 38, 53] to improve sampling efficiency. Specifi-
cally, we distill the original multi-step diffusion model DT

�

into a single-step lightweight model DS
�⇤ using Score Dis-

tillation Sampling (SDS) loss, inspired by [35, 38]. Given
the keypoints estimated by the student model Ĵ1:T

0  
DS

�⇤(J̃
1:T
K ,�

1:T
,K), where K denotes the maximum dif-

fusion timestep, our distillation loss is defined as:

Ldistill = || DT
� (E(Ĵ1:T

0 , ksmall),�
1:T

, ksmall)� Ĵ1:T
0 ||2,

(5)
where E(·) is a forward diffusion function [17, 35] that adds
a small noise corresponding to diffusion timestep ksmall to
the estimated keypoints Ĵ1:T

0 . Intuitively, this distillation
loss encourages the student model to sample keypoints that
the teacher model deems plausible when conditioned on
the same egocentric observations. Unlike the existing ap-
proach [38] that incorporates an additional adversarial loss
to improve single-step sampling quality for image gener-
ation, we find that SDS loss alone is sufficient to achieve
SotA results in egocentric motion estimation while achiev-
ing an inference speed of over 30 FPS.

3.4. Exemplar-Based Identity Conditioning
While the proposed method already achieves state-of-the-
art results in egocentric motion estimation, we take a step
further by exploring identity-aware motion estimation to
further enhance output quality. We hypothesize that incor-
porating prior information about the identity performing the
motion (e.g., body shape, posture style) can help reduce mo-
tion ambiguity when such prior is additionally available. In
particular, we find that exemplar-based identity condition-
ing, which conditions the output motion on a small set of
example 3D poses of the target identity, is highly effective.
This approach is inspired by recent work on representation
learning for face images [3], which demonstrates that con-
ditioning on a set of example images of the target identity is
effective for learning identity-aware features, significantly
improving final reconstruction performance (see [3] for de-
tails). Analogously, in our work, example poses of the tar-
get identity can provide useful information about body scale
and posture style of that particular person.

Formally, let {JI
i }i=1 ,..., NO

denote a set of NO exam-
ple poses of the target identity I observed prior to the mo-
tion estimation phase, where JI

i 2 RNJ⇥3 is represented as
3D keypoints. This pose set can be obtained, for example,
through a simple pose registration stage where we capture
monocular photos of the target person performing natural
motions and estimate 3D poses from these images. In our
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experiments, we estimate these poses by fitting a parametric
body model to 2D keypoints estimated from the input im-
ages using an off-the-shelf model (Sapiens [24]), along with
the person’s height to resolve scale ambiguity (see the sup-
plementary material for details). Once the example poses
are registered, they can be used to enhance the quality of
all subsequent motion estimation sessions for that identity.
Notably, this prior is less cumbersome to acquire than other
priors (e.g., registered scene geometry) used in some of the
existing egocentric motion estimation methods [2, 48] to re-
duce motion ambiguities.

Given a set of example poses for the target identity, we
perform set encoding to extract features invariant to the or-
der of poses. We apply an MLP-based encoder �(·) shared
across the input poses and aggregate the resulting features
using a symmetric function ⇢(·) as follows:

f
I
ex = ⇢ (� (JI

0 ), � (J
I
1 ), ..., � (J

I
O�1), �(J

I
O)). (6)

In practice, we instantiate ⇢(·) as a max-pooling function.
We finally incorporate this identity feature f

I
ex into our

framework using AdaIN [19], a technique widely used for
incorporating style conditions. In Sec. 4, we empirically
demonstrate that this exemplar-based identity prior results
in greater performance improvements compared to other
identity priors (e.g., shape parameters, bone lengths). To
the best of our knowledge, this is also the first study to ana-
lyze the effectiveness of different identity priors in egocen-
tric motion estimation.

4. Experiments
4.1. Dataset
Unlike exocentric (i.e., third-person view) image-based mo-
tion estimation, there had been no benchmark proposed for
egocentric whole-body motion estimation with high-quality
body and hand annotations. To address this, EgoWholeMo-
cap [49] has recently created a large-scale syntehtic dataset.
However, only their samples for training frame-based mod-
els (i.e., temporally discontinuous samples) are publicly
available, limiting their use for our temporal model experi-
ments. The synthetic dataset created by SimpleEgo [6] also
contains whole-body pose annotations, but it is not temporal
as well. Thus, we consider the following datasets for our ex-
periments: (1) ColossusEgo, a large-scale real dataset that
we have newly collected, and (2) UnrealEgo [1, 2], a syn-
thetic dataset originally proposed for egocentric body-only
pose estimation but containing auxiliary hand annotations.
ColossusEgo. We have collected a large-scale real dataset
consisting of over 2.8M frames of 500 identities performing
diverse social motions while wearing head-mounted stereo
cameras. To the best of our knowledge, this is the largest
real image dataset for egocentric first-person pose and mo-
tion estimation. To obtain accurate 3D pose annotations, we

use a multi-view capture system with 200 calibrated cam-
eras. We apply 2D keypoint detection from highly dense
viewpoints, followed by triangulation, to annotate precise
3D whole-body keypoints (see the ground truth samples in
Fig. 3). For our experiments, we randomly sample captures
from 20 identities for validation and 30 for testing, with the
remaining captures used for training.
UnrealEgo [1, 2]. UnrealEgo1 [1] and UnrealEgo2 [1] are
synthetic datasets created by rendering RenderPeople [13]
3D human models performing Mixamo [20] motions. Al-
though originally proposed for egocentric body-only pose
estimation [6, 47], these datasets provide auxiliary hand
pose annotations and temporal sequences, making them
suitable for our validation. For our experiments, we use
samples from both UnrealEgo1 and UnrealEgo2, while fil-
tering out sequences shorter than 2 seconds. We randomly
sample 200 sequences for validation and 300 sequences for
testing, with the remaining sequences used for training1.
Note that we do not use this dataset for identity-aware mo-
tion estimation experiments, as its ground truth motions are
not identity-dependent.

4.2. Baselines and Evaluation Metrics
Baselines. We consider the two most recent state-of-the-art
methods for body pose or motion estimation from down-
facing egocentric cameras: EgoWholeMocap [49] and Ego-
PoseFormer [51]. EgoWholeMocap [49] is the most rele-
vant baseline, as it is the first egocentric whole-body motion
estimation method. However, since it was originally de-
signed for monocular egocentric image inputs, we modified
its reverse motion diffusion process to adapt to stereo-based
pose estimates for fair comparisons. EgoPoseFormer [51]
is the most recently proposed egocentric pose estimation
method, but it only estimates body keypoints. To ensure
a fair comparison, we extended its framework to predict
whole-body keypoints. For more details on the baseline
modifications, please refer to the supplementary material.
Temporal inference. EgoPoseFormer [51] and our method
inherently generalize to arbitrary-length motions due to the
use of a frame-based model and a temporal model invari-
ant to the input sequence lengths, respectively. In contrast,
EgoWholeMocap [49] assumes a fixed motion length of
T = 196. Thus, for fair comparisons, we evaluate all mod-
els on test sequences adjusted to lengths that are multiples
of 196. We later show that, despite being trained on motion
segments of T = 50, our model seamlessly generalizes to
longer motions and outperforms EgoWholeMocap.
Evaluation metrics. We use Mean Per Joint Position Error
(MPJPE) and Procrustes-Aligned Mean Per Joint Position
Error (PA-MPJPE), which are commonly used to evaluate
the accuracy of human motion estimation [2, 36, 47, 49].

1The official test set of UnrealEgo2 [2] does not contain hand annota-
tions.
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Table 1. Quantitative comparisons on egocentric whole-body motion estimation.
(a) Comparison results on the ColossusEgo dataset. In Rows A-C, our approach outperforms the existing SotA egocentric pose and motion estimation
methods [49, 51] in all metrics. In Rows D-H, our exemplar-based identity priors achieve higher performance improvements compared to other identity
priors. Exemplar and Exemplar† denote our identity-conditioning method with the estimated and the ground truth example 3D poses, respectively.

Method MPJPE Body PA-MPJPE Body MPJPE Hand PA-MPJPE Hand Bone Err. Foot Skate

A EgoPoseFormer [51] 64.01 49.62 33.29 15.23 13.07 1.63
B EgoWholeMocap [49] 62.49 43.26 25.67 12.83 10.78 0.46
C REWIND (Ours) 53.83 41.42 21.18 10.21 9.78 0.21

D + Height 51.98 40.39 21.10 9.80 9.24 0.21
E + Shape Parameter 51.40 39.43 21.17 10.10 7.31 0.20
F + Bone Lengths 49.74 39.40 19.81 9.85 6.19 0.21
G + Exemplar (Ours) 48.45 33.15 19.20 9.03 5.86 0.17
H + Exemplar† (Ours) 38.99 28.52 17.33 8.34 3.47 0.18

(b) Comparison results on the UnrealEgo dataset [1, 2]. Ours outperforms the baselines across all metrics. Note that the Foot Skate metric is not
considered for this dataset, as the motions are defined in a camera-centric coordinate system.

Method MPJPE Body PA-MPJPE Body MPJPE Hand PA-MPJPE Hand Bone Err.

A EgoPoseFormer [51] 53.74 41.83 25.19 11.52 8.61
B EgoWholeMocap [49] 49.10 39.25 25.07 10.59 9.01
C REWIND (Ours) 37.23 28.04 20.45 9.04 6.22

EgoPoseFormer [51] EgoWholeMocap [49] Ours + Exemplar Ground TruthInputs

Figure 3. Qualitative comparisons on the ColossusEgo dataset. While our framework estimates 3D keypoints, we also employ inverse
kinematics with per-identity meshes for more effective visual comparisons (refer to the supplementary material for details). Our method
estimates significantly more accurate and natural motions compared to the existing state-of-the-art methods [49, 51]. The additional
exemplar-based identity prior further enhances motion accuracy.

We also report Foot Skate, which measures foot sliding dis-
tance [44], and Bone Err., which is the L2 distance between
the predicted and ground truth bone lengths. All metrics
are reported in millimeters. For the diffusion-based meth-
ods (ours and EgoWholeMocap [49]), we follow [49] and
report the average scores of five evaluations.

4.3. Egocentric Whole-Body Motion Estimation
In Tab. 1, we report the quantitative comparison results
for egocentric whole-body motion estimation, where our
method outperforms the baselines across all metrics on both
datasets. Note that EgoWholeMocap [49] performs motion
refinement using an unconditional motion prior. As a re-

sult, we observe that the output motions are less aligned
with the input egocentric observations when the initial esti-
mates are suboptimal. While EgoPoseFormer [51] performs
direct keypoint estimation similar to ours, it estimates poses
on a per-frame basis without utilizing temporal context. For
qualitative comparisons, please refer to Fig. 3-4 and the sup-
plementary video, where motions estimated by our method
appear significantly more accurate and natural.

4.4. Identity-Aware Motion Estimation
We now investigate the effectiveness of our exemplar-based
identity conditioning method for estimating identity-aware
motion. For the baselines, we consider settings where the
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EgoPoseFormer
[51]

EgoWholeMocap
[49]

OursInputs EgoPoseFormer
[51]

EgoWholeMocap
[49]

OursInputs EgoPoseFormer
[51]

EgoWholeMocap
[49]

OursInputs

Figure 4. Qualitative comparisons on the UnrealEgo dataset [1, 2]. Red represents the ground truth skeleton, while blue represents the
predicted skeleton. Our method estimates more accurate motions compared to the existing baselines [49, 51].

Table 2. Ablation study results on the ColossusEgo dataset (Sec. 4.5). Our method outperforms its variants across all metrics.

Method MPJPE Body PA-MPJPE Body MPJPE Hand PA-MPJPE Hand Bone Err. Foot Skate

A No Diffusion 57.34 44.26 27.04 14.99 10.83 0.20
B Sep. Body-Hand - - 23.07 11.23 - -
C Joint Body-Hand 55.09 42.47 24.02 11.34 10.73 0.21
D Autoregressive 58.14 44.33 24.19 10.70 10.72 0.21
E No Diffusion Distill. 56.12 43.85 21.34 10.33 11.05 0.20
F REWIND (Ours) 53.83 41.42 21.18 10.21 9.78 0.21
G REWIND (Multi-Step) 46.18 35.26 20.85 9.43 4.91 0.21

identity condition is available in the form of height, shape
parameters, and bone lengths. In Tab. 1a, our exemplar-
based identity conditioning is the most effective among
these baselines. Note that Exemplar denotes our main
identity conditioning method based on 10 example poses of
the target identity predicted from monocular images, while
Exemplar

† represents a variant that utilizes 10 ground truth
poses, e.g., obtained through a multi-view capture pro-
cess [16]. Also refer to our qualitative results in Fig. 3,
where the exemplar-based identity conditioning effectively
reduce motion ambiguities, e.g., leading to motions that bet-
ter capture the person’s lower body posture style in the first
row of Fig. 3. To the best of our knowledge, this is the first
study to analyze the effectiveness of identity priors in ego-
centric motion estimation.

4.5. Ablation Study
In Tab. 2, we present our ablation study results to investigate
the effectiveness of each of the proposed modules.
Regression vs. diffusion (Row A). No Diffusion represents
a variant of our method where motion estimation is per-
formed via regression instead of denoising diffusion. Our
method outperforms this variant, which aligns with the ob-
servations from existing diffusion-based pose or motion es-
timation works [10, 14, 18, 41, 49, 52, 57, 58].
Cascaded body-hand estimation (Rows B-C). Sep. Body-
Hand and Joint Body-Hand represent our method vari-
ants in which body and hand keypoints are separately es-
timated and whole-body keypoints are jointly estimated, re-
spectively. Compared to these variants, our cascaded ap-
proach yields better results due to the advantages discussed
in Sec. 3.1.
Temporal network architecture (Row D). Autoregressive
is our method variant using autoregressive modeling, which
could serve as an alternative for estimating arbitrary-length
sequences. However, autoregressive models have some lim-

itations, such as exposure bias from teacher forcing [30],
due to the direct reliance on previous estimation outputs.
Our proposed model outperforms this variant, validating our
design choice.
Diffusion distillation (Row E). No Diffusion Distill. is our
method variant where a one-step diffusion model is directly
trained without diffusion distillation. Our distilled model
(Row F) achieves better results. For reference, we also re-
port the results of the multi-step teacher diffusion model in
Row G. While our one-step diffusion model yields the best
results for real-time tracking, the multi-step diffusion model
still provides superior performance, offering an alternative
for applications without efficiency constraints.
Time comparisons. We note that the inference time of our
framework is 32 ms and 274 ms with and without distil-
lation, respectively, on a single A100 GPU. The inference
time of the existing SotA baseline (EgoWholeMocap [49])
is 2576 ms due to the iterative post-processing steps.

5. Conclusion

We introduced a real-time, fully causal framework that en-
ables high-quality whole-body motion estimation from ego-
centric images. To this end, we proposed (1) cascaded
denoising diffusion, (2) a causal relative-temporal Trans-
former trained with diffusion distillation, and optionally,
(3) exemplar-based identity conditioning. We empirically
showed that ours leads to more accurate and natural mo-
tions compared to the competitive baselines.
Limitations. Although our method outperforms existing
state-of-the-art methods, we observed that a small portion
of the reconstructed motions leads to self-penetrations. In-
vestigating effective methods to avoid self-penetrations in
egocentric human motion estimation would be an interest-
ing direction for future work.
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