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Abstract. Modeling human-object interactions (HOI) from an egocen-
tric perspective is a critical yet challenging task, particularly when re-
lying on sparse signals from wearable devices like smart glasses and
watches. We present ECHO, the first unified framework to jointly recover
human pose, object motion, and contact dynamics solely from head and
wrist tracking. To tackle the underconstrained nature of this problem,
we introduce a novel tri-variate diffusion process with independent noise
schedules that models the mutual dependencies between the human, ob-
ject, and interaction modalities. This formulation allows ECHO to oper-
ate with flexible input configurations, making it robust to intermittent
tracking and capable of leveraging partial observations. Crucially, it en-
ables training on a combination of large-scale human motion datasets
and smaller HOI collections, learning strong priors while capturing in-
teraction nuances. Furthermore, we employ a smooth inpainting inference
mechanism that enables the generation of temporally consistent interac-
tions for arbitrarily long sequences. Extensive evaluations demonstrate
that ECHO achieves state-of-the-art performance, significantly outper-
forming existing methods lacking such flexibility.

1 Introduction

Wearable sensors like smart glasses [72], rings [63], and wristbands [59] are be-
coming ubiquitous. Beyond enabling XR experiences, they serve as everyday
companions that continuously monitor user activities. Consequently, developing
algorithms to robustly perceive human-object interactions from such sparse sig-
nals is a key research challenge with far-reaching impact, unlocking applications
in healthcare, personal assistants, entertainment, robotics, and spatial Al.
Recent work [25] demonstrates that it is possible to reconstruct users’ motion
in-the-wild from sparse sensors. Despite these impressive advances, egocentric
human-object interaction (HOI) remains largely underexplored. Existing meth-
ods [24,103] typically require RGB images, pre-scanned scenes, or even special-
ized capturing suits, and rely on hand-crafted constraints, restricting scalability
and generalization. While learning-based approaches offer a promising alterna-
tive, current HOI datasets remain limited in scale and diversity, especially when
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Fig.1: ECHO. Inferring complex interactions from sparse wearable signals is chal-
lenging. ECHO is the first method to jointly recover full-body Human-Object Interac-
tion sequences (top) solely from sparse 3-point tracking. Our flexible framework sup-
ports various inference modes (bottom), leveraging partial or intermittent observations
(shown in red) of human pose, object trajectory, or contact dynamics.

Operating modes:

compared to large human-only motion collections such as AMASS [58]. Hence,
what is missing is a unified egocentric human-object interaction method capable
of learning from multiple modalities jointly.

We address this gap with ECHO (Fig. 1), the first method to jointly recover
human and object motion using only head and wrist tracking. ECHO simultane-
ously predicts human pose, object trajectory, and contact dynamics. While an-
chored in 3-point tracking, it can additionally leverage sparse observations from
any of these modalities (e.g., partial object tracking) to further constrain its pre-
dictions. The model is robust to intermittent hand tracking, which is common
in real-world scenarios, and supports inference on arbitrarily long sequences.

We achieve this through a unified framework with several innovations. The
core of the method is a tri-variate diffusion formulation that effectively learns
the inter-modal relationships between human, object, and contacts. This de-
sign enables training on a combination of datasets, including human-only mo-
tion collections such as AMASS [58] and HOI datasets like BEHAVE [5] and
OMOMO [51], allowing the model to learn a strong human motion prior while
capturing interaction nuances.

Crucially, our approach supports flexible conditioning, leveraging partial ob-
servations of any modality to ensure robustness against sensor noise and inter-
mittent tracking. By explicitly modeling both human-environment and human-
object contacts, we further enable self-supervised inference guidance to ensure
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physically plausible interactions. Finally, we extend the inference approach of
HMD? [25] with a novel smooth inpainting that blends past and current predic-
tions, enabling seamless, real-time processing of arbitrarily long sequences.

ECHO relies on minimal assumptions, making it flexible and adaptable to
diverse settings. Its tri-variate diffusion formulation naturally accommodates
additional modalities (e.g., human tracking from IMUs or object tracking from
RGB), making ECHO a universal approach for egocentric HOI modeling. ECHO
achieves state-of-the-art performance, surpassing competitors that lack the same
flexibility. Through detailed evaluation, we demonstrate the effectiveness of our
design choices, which we believe will be instrumental for further research in
egocentric perception and interaction modeling.

Our key contributions are:

— We present the first method to reconstruct HOI from wearable 3-point track-
ing, jointly recovering human motion, object trajectory, and contact.

— We introduce a unified tri-variate diffusion model that supports flexible cross-
modal conditioning and partial observations, is robust to sensor noise, and
performs inference for arbitrarily long sequences.

— We achieve state-of-the-art performance and validate our design through
extensive ablations. The code and trained model will be released.

2 Related Work

2.1 Egocentric Motion Reconstruction

Using body-worn and head-mounted sensors for human motion reconstruction is
an emerging research area. Early methods used body-worn cameras to recover
hand positions [4,7,20,57,77,109] or full-body motion [1,43,47,53,54,76,86,101].
These approaches focus on joint angles, ignoring the user’s position within the
scene.

Other works utilize body-worn sensors like EMs [45], EMGs [11], and most
popularly, IMUs (35,41, 61, 88,89, 100, 106, 107, 118], often integrating physical
constraints to reduce sensor count. However, computing position via the double
integration of acceleration leads to drift.

HPS [26] advanced the field by fusing IMU tracking with camera localization
for global pose estimation in large scenes. Follow-up works enabled scene scan-
ning [14, 108], scaled datasets [32,56,112], reduced sensor counts [12, 38,39, 48,
91,116, 116], conditioned on past observations [3], and integrated biomechanical
constraints [37]. Generative diffusion models enable realistic motion synthesis
from underconstrained inputs [9, 17, 90]. For instance, EgoEgo [50] generates
full-body motion from head trajectories, while LookOut [64] recovers head tra-
jectories from in-the-wild video, paving the way for broader generalization.

Recent works [10, 18,25, 66, 79, 92, 105] utilize modalities like RGB, point
clouds, and hand detections, exploring appearance modeling [21] and multi-
modal fusion [33].
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We similarly use sparse head and hand conditioning. However, unlike the
aforementioned methods, our approach models dynamic interactions with ob-
jects, enabling a more complete reconstruction of human activity in real-world
settings.

2.2 Exocentric HOI Modeling

Early HOI reconstruction focused on human-centric modeling in static environ-
ments [28,29,34,60,84,97,114]. These methods do not model scene changes, such
as object displacement, limiting their applicability in real-world scenarios.

More relevant are methods modeling dynamic HOI. Many use text or action
labels as conditioning [8, 16,49, 52, 69, 81, 99]. While flexible, this often lacks
precision for fine-grained motion control and detailed interactions. Others, like
TRUMANS [40], condition on the scene, improving realism and control at the
cost of requiring prior knowledge of the scene. Visual conditioning (RGB [13,
19,62, 87,93-96, 111], multi-view [42,110], RGBD [5, 36], or a combination of
text and images [102]) improves realism but relies on external cameras, limiting
scalability.

Another line of research generates interactions from partial information, such
as past observations [23,98], object positions [6,46,51], or human pose [70,113].
Among these, TriDi [71] is notable for modeling the joint distribution of human,
object, and interaction, but is restricted to static modeling. In contrast, ECHO
handles temporal sequences, enabling training from both human-only motion
and human-object interactions, with flexible input modalities.

2.3 Egocentric HOI Reconstruction Methods

Most methods that model human-scene interaction from egocentric data assume
static environments [14,26,48,108], and are therefore less relevant to our focus
on dynamic interaction.

iReplica [24] is the only other method considering both humans and dynamic
objects in egocentric scenarios. However, iReplica has significant limitations: it
requires full-body IMUs, a pre-defined 3D scene, and a complex initialization
process. Furthermore, it relies on hand-crafted heuristics for interaction mod-
eling, whereas ECHO learns HOI dynamics from data. Recent methods like
EgoGrasp [22] and WHOLE [104] recover interactions from egocentric video
but focus solely on hands. Our method is the first to produce unconstrained
full-body HOI, handling objects of various types and sizes, all from wearable
3-point trackers, making it practical for everyday scenarios.

3 Method

In this section, we present ECHO, the first approach for joint human-object
interaction modeling from head and wrist tracking. At the core of our method
is a transformer-based diffusion model that predicts human motion H, object
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motion O, and contact sequence Z from three-point conditioning. Subsequent
sections introduce the representations for all modalities (Sec. 3.1) and describe
our formulation of the diffusion process, architecture, and training (Sec. 3.2).
Finally, we present the smooth inpainting that we adopt for online inference
with arbitrary sequence lengths (Sec. 3.3).

3.1 Representation for Human, Object and Contact

Head-centric modeling. One of the key design
choices for our method is the representation for
the network’s input and output modalities. Unlike
sequence-level canonicalization [25,50], we build on
the per-frame variant of EgoAllo [105] by extending
the representation to hands and objects. We choose
to use the canonicalized head position on each frame
as an anchor for the object’s position. This per-frame
definition maintains invariance to the global configu-
ration of the sequence and allows the use of arbitrary Fig. 2: Representation.
chunks of the sequence for inference without explicitly ECHO operates in a per-
canonicalizing each window. We illustrate this repre- frame head-centric coor-
sentation in Fig. 2 and discuss details in the following dinate system.
paragraphs.

Object. For every object, we assume that its canonical mesh is given to the
model as input. Hence, we represent the object as a sequence of its SE(3) trans-
formations in a head-centric coordinate frame, consisting of rotation and trans-
lation pairs w.r.t. the head at each frame To = (Rp,to). Following [117], we
convert all rotations to RS.

Thus a sequence of N object poses is denoted as:

0 = {To""} (1)

To represent the object’s class and geometry, we encode the class label in
a one-hot encoded vector ye, and extract a feature vector f, € R19* from
the canonicalized object vertices Vo using PointNext [73]. The resulting pair
Co = (Yo, fo) is used as a global conditioning for ECHO.

Human. To represent the human body, SMPL-X [67] is a natural choice. SMPL-
X is a parametric body model that can be seen as a function SM PL(T, 0, 3, 1)
of root position and orientation T'y; € SE(3), pose 6, shape 3, and facial param-
eters 1. The function SM PL maps parameters to posed vertices V4, € R10475x3
of the predefined template mesh. The pose vector 6 is a concatenation of pa-
rameters for body, hands, eyes, and jaw poses in axis-angle format. As our
method focuses on realistic full-body interactions, we model only the body pose
04, € R?%6 part of the pose vector and assume known shape parameters (3;
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for the rest of the manuscript, we simplify the notation to SM PL(T;,04). We
follow standard practice and infer Ty via aligning the head joint of the SMPL-X
model with the head position from three-point tracking.

Hence, we define a sequence of human motion with N frames as:

H={03" (2)

Contacts. Explicit contact modeling is crucial for robust interaction reconstruc-
tion, providing strong training signals, enabling self-supervised guidance, and al-
lowing flexible control via sparse conditioning. We model contact as a continuous
modality Z, encompassing both human-object and human-ground interactions.
For human-object contact, we compute the shortest distance d(p, V o) from sam-
pled SMPL-X surface points P, to the object. To fit the diffusion framework and
avoid instability, we map distances to [0, 1] using sigmoid:

HOl = {0 (0 (1.~ d(p. Vo)) | p € P C Vi) (3)

where ¢ is the sigmoid function, 7. is the distance threshold, and « controls
decay sharpness. Similarly, we compute human-environment contact ¢V for
lower body joints based on velocity and ground proximity [75, 105]. The final
contact vector is ez = {1 ¢E"V} and the sequence is defined as:

I ={cr™} (4)

Egocentric conditioning. ECHO extends the conditioning formulation of
EgoAllo [105] by incorporating relative hand transformations at each frame into
the method’s conditioning. The method is conditioned on canonicalized head
and both hands orientations RCan head> RCan handss nead-to-floor distance hf ;.
and relative head and hand transformations. The relative head transformation
between the current and previous frame ATfl;;ét € SE(3) is computed as:

t—1,t —1 _
AThead = (T\t)vorld, head) . Tivorld, head (5)

where Tf,vorld’ head 15 the transformation of the head at time ¢. Similarly, we

compute the relative transformation for the hands ATfl;i(’fs. We represent the
transformation as RS rotation and R? translation before passing it to the net-
work.

Thus, egocentric conditioning for a sequence £ is defined as:

1 1 .
&= {[ATﬁeadt7 Rcan head» hfleadv A,I'fw‘ndts7 Rcan hands]1 N} (6)

3.2 ECHO model

ECHO models the joint distribution of human motion H, object motion O, and
contact sequence Z, conditioned on the three-point tracking £ and object features
Co. Below, we formulate a three-variate diffusion process that is used to model
the three modalities within one network and provide details on the underlying
network’s architecture.
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Fig. 3: ECHO overview. ECHO requires just head and hand tracking and and object
class, to predict Human, Object, and Interaction. The input tokens are composed of

, and of either , or noise for H,O,and Z. For every
modality, we use a unique denoising step. Our model allows flexible input configuration.
In the example above we use contacts Z as an to the network, that

infers the other modalities H and O, matching the extended condition.

Background A diffusion process in the context of generative neural networks
is divided into two phases. The forward phase progressively adds noise to an
original data sample, while the backward phase uses a learned model to recover
the sample from noise. We adopt the formulation of Denoising Diffusion Prob-
abilistic Model (DDPM) [30] in our work with a modification following [74],
predicting the original sample with the neural network instead of predicting the
added noise. To achieve this, we parametrize the reverse process by a denoising
neural network D, that is trained to recover the original sample z° from the
noisy sample z7 at denoising step 7 given the condition ¢. Defining for brevity
Ep = Eponpioras BT = Errqo,..., 13, and Eg = E, 7y (,7|20) We obtain the train-
ing objective (the full definition of forward and backward processes is included
in the Sup. Mat.):

rrgnEp ErE, | Dy(z";¢,T) —2°|2. (7)

The original formulation of the diffusion model [30,80] focuses on generating
single-modality data, e.g., images. Inspired by TriDi [71], we formulate a tri-
variate diffusion process for HOI modeling, proposing a new formulation that
diffuses motion sequences.

Tri-variate diffusion with independent schedules. We formulate a three-
variate diffusion process for human motion H, object trajectory O, and sequence
of contacts Z, denoting the corresponding sets of denoising steps as Tx, To, Tz.
We define:
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Fig. 4: Comparison of inference strategies. Standard per-window inference (left)
ignores the context of the past predictions. Inpainting (middle) uses past prediction as
condition but drops new predictions for the overlapping region. Our smooth inpainting
(right) blends past and current predictions in the overlapping region on every diffusion
step, ensuring seamless transitions.

Ep = E0,00,70)~p(3,0,718) 5
Er = E(75,, 70, 72)~u{0,... . T}V x5 (8)
Eq = E’HTH ~q(HTH |’H0),OTO Nq(OTO |00, ZTT ~qg(Z7Z|Z9)

The key feature of this formulation is that ECHO diffuses the three modal-
ities following three independent time schedules, allowing them to vary (e.g.,
one can provide tracking information for the human in addition to three-point
conditioning and predict the object motion and contact sequence corresponding
to it). The main minimization objective for parameters ¢ of a model ECHO,, is:

E,E7E,|[ECHO,(HT*, 070, T7%; T3y, To, Tz; Co, £) — (H°, 0°, 7°)]|2 (9)

Universal multi-modal architecture. We build the ECHO denoising network
on the Diffusion Transformer (DiT) [68] with rotary positional embeddings [82],
adapting it to our multi-modal setting (Fig. 3). The model takes as input the se-
quences H, O, and Z with varying noise levels, along with egocentric £ and object
Co conditioning, and the denoising step for each modality {73, To, Tz}. A key
advantage of our design is the use of independent noise schedules for each modal-
ity, unlike standard approaches that use a single schedule. This enables flexible
conditioning: by setting the noise level to zero for known modalities (e.g., ob-
served human motion), the model effectively predicts the remaining components
(e.g., object motion and contacts) consistent with the input. When no interaction
data is available, it generates realistic motion based solely on egocentric condi-
tioning. Furthermore, this formulation naturally handles partial observations,
allowing ECHO to leverage sparse signals — such as intermittent object tracking
or partial human pose from IMUs — to constrain the generation. Ultimately, the
method outputs the full human-object interaction sequence {7%, @,f}

Training. During training, each modality (H, O, Z) is either diffused or pro-
vided as clean condition. To ensure stability, we sample from the 23 combina-
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Fig. 5: Qualitative results of ECHO. Our method accurately reconstructs human-
object interactions across diverse scenarios. In contrast, competing methods often fail
to capture correct contact dynamics, leading to artifacts such as object penetration or
floating. For dynamic visualizations, please refer to the supplementary video.

tions of noisy/denoised states and synchronize the noise level across all diffused
modalities, instead of sampling independent noise levels for each modality. This
effectively trains the model to reconstruct missing modalities from the observed
ones. To improve generalization, we simulate intermittent tracking by randomly
dropping hand and object conditioning. Experiments confirm that ECHO re-
mains robust to moderate tracking degradation.

The objective function is a weighted sum of six terms: reconstruction losses
for each diffused modality, object trajectory smoothness, human joint error,
and a foot skating penalty (details in Sup. Mat.). Given the limited scale of
HOI datasets (OMOMO, BEHAVE), we augment training with the large-scale
AMASS [58] dataset to learn a robust human motion prior. For AMASS samples,
we replace object conditioning Co» with learnable tokens, signaling the model to
ignore object interactions. Ablations confirm the benefits of this joint training
strategy.

3.3 Inference

Smooth inpainting To generate temporal sequences, recent methods [105]
employ a sliding window approach. Unlike offline methods [9,85], this approach
doesn’t require the full sequence to be present on start, enabling online inference.
However, sliding windows require post-processing to stitch results. HMD? [25]
addresses this via inpainting-based inference, conditioning new windows on past
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Fig. 6: Qualitative results of ECHO. We demonstrate generalization to novel mo-
tion and objects from the Aria Digital Twin [65]; RGB is included for reference.

predictions. However, it discards new predictions in the overlapping region, re-
lying solely on past data. Our idea is to take the inpainting-based inference one
step further by incorporating smooth blending between past and new predictions,
which we call smooth inpainting (Fig. 4). It replaces predictions in the overlap-
ping region with a weighted average of past and current predictions, allowing for
a gradual transition between windows. This enables ECHO to autoregressively
generate arbitrarily long sequences with smooth transitions. Additionally, the
overlap size can be tuned to balance context length and inference latency for
real-time applications.

Inference guidance To further enhance the quality of generated interactions,
we adopt a classifier-based guidance [15] approach at inference time. Based on
the guidance function’s value, the network’s prediction is updated at each step
of the denoising process. We formulate the guidance loss to ensure that the
predicted human and object meshes align with the predicted contact vector ¢z.
The function, therefore, includes two terms: one for human-object contact and
one for foot-floor contact.

4 Experiments

Implementation details. The ECHO model comprises 57.7M parameters and
is trained using the AdamW optimizer [55] for 300k steps (approximately 30
hours) with a batch size of 256 and a learning rate of 5e~* on a single NVIDIA
RTX 5090 GPU. For inference, we use 100 DDPM steps to balance generation
quality and latency. With a 30-frame overlap, ECHO processes a 60-frame win-
dow in 640 ms without guidance and 980 ms with guidance on an RTX 5090
GPU. This corresponds to a throughput of approximately 46 FPS and 30 FPS,
respectively, enabling real-time applications. Visualizations are generated using
aitviewer [44] and Blendify [27].

Datasets. We train and evaluate our method on the union of the BEHAVE |[5],
OMOMO [51], and AMASS [58] datasets. We follow the official train-test splits
for BEHAVE and OMOMO, and the EgoAllo [105] split for AMASS. To use
the SMPL-X body model in ECHO, we convert BEHAVE sequences from the
SMPL~+H [78] format using code from [83].



ECHO: Ego-Centric modeling of Human-Object interactions 11

Table 1: Comparison with baselines on BEHAVE and OMOMO. ECHO
demonstrates better performance for human-object interaction modeling and compet-
itive motion modeling quality.

BEHAVE
Human Object
Method
etho MPJPE, MPJVE, FCt Epoo !  E.l Rot. Diff.y Accr 1
Data - - 0.73 -

BoDiffusion [9]4+0  8.3F02 10.1703 (.82F00%F 44 2FT-Z 99 9F1-2 170.9F11 97.8F01
EgoAllo [105]+H40 7.6E%!1 86%02 0.95F0:01 391+11 99 5+07 119 6+3.8 g1 7£0:3

ECHO (Ours) 6.8T0-1 7.5E01 (9gqF0.00 33 5E05 20,103 92,9722 93,1%0-2
OMOMO
Human Object
Method MPJPE] MPJVE, FC?t Fusw .  FE.l Rot. Diff.] Accs 1
Data 0.96

BoDiffusion [9]4+0  7.670% 86703 .98E0-01 33 9F19 99 oF .7 gy 9FT4 96.0F0-3
EgoAllo [105]+H40 6.6%%! 7.3%01 (9g5+0.01 34 g+0.9 g 3+05 gg9+53 gg5+02

ECHO (Ours) 6.0T01 6,1F01 (. 93F001 26 5F11 15 2F0-3 g6.5T6-7 96.9F0-T

We downsample all sequences to 30 fps for consistency, as the BEHAVE data
is limited to this frame rate. During training, we sample windows of size W = 60.
For evaluation, we perform continuous inference on full sequences.

Metrics. To evaluate human motion reconstruction, we use the Mean Per-Joint
Position Error (MPJPE, in cm), Mean Per-Joint Velocity Error (MPJVE [116]),
and Foot Contact (FC) score [50,105]. For object reconstruction, we compute the
vertex-to-vertex error E,q, [70,98] (cm), center error E. [70] (cm), and contact
accuracy Accz [71]. Detailed metric definitions are provided in the Supp. Mat.

4.1 Comparison with baselines

Baselines. ECHO is the first approach for the end-to-end modeling of egocentric
human-object interactions. To evaluate its performance, we select several existing
end-to-end egocentric motion modeling methods as baselines and extend them
for HOI modeling. While some recent methods employ multi-stage training and
inference, adapting them to HOI modeling would require significant architectural
modifications. We compare against BoDiffusion [9], which builds on DiT [68]
to process concatenated input tracking and noisy motion. During training, we
canonicalize each window to a head-centric space to ensure a fair comparison.
To evaluate HOI prediction, we extend BoDiffusion to include object modeling,
referring to this baseline as BoDiffusion+0. We modify the network to process
object poses and conditioning by concatenating object transformations to the
human motion and egocentric tokens, and appending object shape embeddings
and class information to the global conditioning. We also construct an HOI
baseline on top of EgoAllo [105] by integrating object pose prediction. Since
EgoAllo is originally conditioned only on head tracking, we extend it to support
hand conditioning, following the official implementation. We refer to this method
as EgoAllo+H+0. For fair comparison, we train ECHO and all baselines on the



12 I.A. Petrov et al.

Table 2: Quality of motion generation. ECHO outperforms the baselines on the
AMASS dataset, demonstrating that our joint HOI formulation effectively learns a
strong human motion prior. The significant drop in performance for NoAMASS con-
firms the importance of training on large-scale motion data.

AMASS
Method MPJPE| MPJVE| FC{H°
BoDiffusion [9]40 11.4%0.3 14, 3+03 1.0
EgoAllo [105]4+H+0 g.9%01  116%01 1
ECHO (Ours) - NoAMASS 43.1F0T 40.3F01 .8
ECHO (Ours) 7.4F01 g gF0.2 1.0

union of AMASS, BEHAVE, and OMOMO. Additionally, both baselines predict
object pose in a head-centric space, matching ECHO, to ensure a consistent
coordinate system.

HOI generation. We evaluate HOI reconstruction quality on the BEHAVE
and OMOMO test sets, reporting mean and variance across three runs in Tab. 1.
ECHO significantly outperforms BoDiffusion+0O in both human and object pre-
dictions, and performs on par with EgoAllo+H-+0 in human motion while sur-
passing it in object prediction. This superior object tracking demonstrates the
efficacy of our tri-variate modeling. Qualitative results (Fig. 5) confirm this ad-
vantage: while the baselines often fail to maintain realistic contact, resulting in
artifacts like penetration or floating, ECHO generates physically plausible in-
teractions. We further demonstrate generalization on an Aria Digital Twin [65]
sequence in Fig. 6. Please refer to the supplementary video for dynamic visual-
izations.

Motion generation. While ECHO is designed for human-object interactions,
robust human motion reconstruction is also essential. We evaluate motion quality
by comparing ECHO against the baselines on the AMASS dataset. Results are re-
ported in Tab. 2 (mean and variance across three runs). Our method outperforms
both baselines, demonstrating the effectiveness of our joint modeling formula-
tion. Notably, performance significantly degrades when ECHO is trained without
the AMASS dataset (NoAMASS), highlighting the importance of large-scale
motion data for learning a strong human motion prior. For fair comparison, all
models (except (NoAMASS)) were trained on the union of the three datasets.

4.2 Noisy conditioning and sparse input

Egocentric human-object interactions are captured using diverse technologies
and settings, often involving data streams (e.g., IMUs, head-mounted cameras)
that provide additional, albeit often sparse and noisy, information. To study
the robustness and versatility of ECHO under such conditions, we simulate two
scenarios: noisy hand tracking and access to additional sparse tracking informa-
tion. To simulate intermittent hand tracking, we randomly drop a percentage of
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Table 3: Evaluation of ECHO with noise simulation. We demonstrate the ro-
bustness of ECHO to intermittent hand tracking by randomly dropping a percentage
of the input. The model maintains stable performance even with significant missing
hand tracking data, confirming its resilience to sensor noise.

BEHAVE

% Human Object
MPJPE, MPJVE| Eyay | E. |

0 6_8i0.1 7_5:&0.1 33‘5:&0.5 20‘1:&0.3

25 6.9701 7.5%0-2 33.8T0-F 20,6702

50 7'0j:0.2 7.8i0'2 33'9j:1.0 20.8i0'6

75  7.6%03  10.3%05 34.6%13 91.2%1.0

90 9.3i0.5 10.3:&&6 36.8i2'0 24.6i1'9

Table 4: Evaluation of ECHO with sparse tracking. We demonstrate the versa-
tility of ECHO by providing additional sparse tracking information alongside egocentric
conditioning. Providing partial information for one modality (Human or Object) sig-
nificantly improves its reconstruction quality and helps regularize the other.

BEHAVE
Mode % Human Object
MPJPE| MPJVE] Euow 4 E. |
ECHO 6.82F0-08 7 50%0-11 33.46F0-50  90,13%0-26
T o 10 5.84F010 g o7E0-12 33.44T0 73 20.12F03
% E 25 4.84i0'09 5.09i0,12 33.42i0.74 20.00i0.38
E E 50 3.71:&0.07 3480:&0'10 33429:&0'72 19.81i0'37
2% 100 - - 32.79%0-65 19 414031
Q9 10 6.81F0-10 7 4gF0.12 27.20E0- 70 16.55%0-39
R 25 6.81F009 7 47E0ll g g7E0TE g9 Ggt0-42
Ste T—é 50 6.79i0'09 7445:&0.11 10‘75:&0.64 7.9310.38
HBEF 100 6.69%008 7.37%0.10 - -

hand tracking data from the input while keeping head tracking intact. Tab. 3
demonstrates that ECHO is robust to missing hand tracking, showing significant
performance degradation only when 75% or more of the data is missing.

While tracking objects from an egocentric camera remains challenging [2,
115], the object’s location and orientation can often be determined for a few
frames. For human motion, it is also possible to obtain partial tracking from
RGB-based pose estimation or IMU suits. Such information provides important
cues to reduce uncertainty, and ECHO is designed to leverage these opportuni-
ties. We test this capability by simulating a scenario where either the human
or object modality is only partially observed. Tab. 4 shows that additional con-
straints significantly improve the accuracy of the partially observed modality,
while predictions for the unobserved modality improve slightly.

4.3 Ablation

We conduct an ablation study to analyze the effectiveness of our method’s
components. All models are trained in the same setting, varying only the ab-
lated component. First, we evaluate the model without inference-time guidance
(NoGuide), observing that it primarily affects object prediction quality on
noisier data (i.e., BEHAVE). Results on BEHAVE are presented in Tab. 5;
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Table 5: Ablation study on BEHAVE. Evaluating the impact of ECHO compo-
nents proves the usefulness of guidance, smooth inpainting, usage of three modalities,
and training with AMASS data.

BEHAVE

Method Human Object

MPJPE| MPJVE| Euywd E.l
ECHO 6.8i0'1 7‘5i0.1 33.5j:0.5 20'1i0.3
NoGuide 6.8T0-1 7. 5%01 33.6T0° 20.3F0-%
Inpaint w/o smooth 6.9%01 7.6%01 33.7%0:5 90 4%0:3
(H, 0) 81101 g0l 344403 9q 7H01
NoAMASS 8.7F0-1  9+01 34.7%F0-2 21 8+0:2

OMOMO results are in the Supplementary Material. Inpaint w/o0 smooth
performs inference using standard inpainting, without smooth blending between
past and current predictions. The performance drop without smooth inpaint-
ing highlights its importance for generating temporally consistent interactions.
The model without the interaction modality (i.e., using only (H, ©)) exhibits
substantially worse quality for both human and object motion, suggesting that
contacts play a crucial role in linking these modalities. Training without the
AMASS dataset (NoAMASS) leads to a significant decrease in human motion
modeling quality, once again highlighting the importance of large-scale datasets
for learning human motion priors.

5 Conclusions

In this work, we introduced ECHO, the first unified framework for modeling
human-object interactions solely from sparse egocentric tracking. Central to
our approach is a novel tri-variate diffusion formulation with independent noise
schedules that jointly models human pose, object motion, and contact dynamics.
This design not only captures the complex interdependencies between the user
and the object but also enables flexible inference, allowing the model to adapt to
intermittent tracking and partial observations. Crucially, it facilitates training
on a combination of large-scale human motion datasets and smaller HOI collec-
tions, learning strong priors while capturing interaction nuances. Additionally,
our smooth inpainting inference mechanism ensures temporally consistent gener-
ation for sequences of arbitrary length. Extensive evaluations demonstrate that
ECHO significantly outperforms state-of-the-art methods, offering a robust and
versatile solution for egocentric HOI reconstruction.

Limitations and future work. Despite its strong performance, ECHO has
limitations that open exciting directions for future research. First, our cur-
rent model focuses on object interactions and environmental contacts with the
ground. Incorporating sophisticated constraints (e.g., those coming from dy-
namic surroundings) would be crucial for consistent long-term motion in com-
plex scenes. Second, although robust for various object types, the absence of
fine-grained finger tracking limits the reconstruction of dexterous interactions
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with small objects (e.g., pens, scissors). Integrating additional modalities, such
as egocentric RGB video, could help resolve these fine motor details. Finally, ex-
tending our framework to support visual conditioning, alongside the collection
of currently absent RGB-based egocentric HOI datasets, represents a promising
avenue for achieving comprehensive egocentric perception.
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Supplementary Material for

ECHO: Ego-Centric modeling of Human-Object
interactions

Abstract. This supplementary material provides a discussion on the
broader impacts of our work in Sec. 6. In Sec. 7, we provide background
on the diffusion process and a summary of the notation used in the text.
We present additional experimental results, including evaluations with
contact conditioning, ablation studies on the OMOMO dataset in Sec. 8.
We report further implementation details, including the training objec-
tive, inference guidance, and smooth inpainting formulation in Sec. 9.
Finally, in Sec. 10, we provide full definitions of the evaluation metrics.
In the supplementary video, we show dynamic visualizations of the gen-
erated results.

6 Broader impacts

The ability of our model to capture and generate continuous human-object in-
teractions offers significant value for fields such as digital content creation and
ergonomics. This research direction could enable new applications for study-
ing human behavior and developing realistic virtual experiences. However, this
technology can also be misused. Tracking detailed human actions could lead to
unauthorized surveillance, creating privacy issues. We recognize that future ad-
vances might make this technology easier to abuse. Therefore, we believe that
its responsible development must be an ongoing priority.

7 Background and Notation

Background. The forward diffusion process can be formulated as a Markov
chain with T steps. Starting from a clean sample z°, it produces a series of
distributions ¢(z7 |27 71): q(z%7|2°) = H;Zl q(z”7|z7~1). We add noise to the
distribution for T steps, until finally z7 becomes a sample from A'(0,T). Defining
Bo =0, and 87 € (0,1) we obtain:

(212" ) = N (275 /1= Brz” ', Bri). (10)
Formulation of DDPM [30] allows us to obtain a closed-form expression for
z7 . Let oy =1— i, ar = HZ—:1 a;, and € ~ N(0,1):
(@12 = N ara, (1 ar)l),
2z’ =+arz’ +v1—are.

Reversing the process, we obtain a formulation for the inference. Concretely,
starting from z” ~ N(0,I), we can step-by-step recover the sample from the

(11)



ECHO: Ego-Centric modeling of Human-Object interactions

25

Table S1: Notation Table. The main notation used in our paper.

Symbol Description Domain
w Network’s temporal window 60 frames
N Input sequence length N
Tw, To, Tz Denoising step for each modality {0,1,...,1000}
t—1,t pt
& 3 point egocentric conditioning { [fThead ’Ecla?‘hea?’ N }
Pheads AT anas: Rean hanas)
Rian,head Canonicalized head rotation Formal - R**? / Network - R®
AT NP Relative head SE3 transformation  Formal - R*** / Network - R?
b ead Head to floor distance R?
R}, hanas Canonicalized hands rotation Formal - R?*3%3 / Network - R?*¢
AT} bl Relative hands SE3 transformation Formal - R***** / Network - R?*?
H Human Modality {[Ox]" N}
0 Human Pose Formal - R*'*3 / Network - R?'*¢
J6] Human Shape parameters R
Vu Human Template’s Vertices R10475
Ty Human Global SE3 transformation Formal - R***
Jn Human Joints R21x3
Uy Linear velocity of Human Joints R21x3
o Object Modality {To' N}
To Object Global SE3 transformation Formal - RA*4 / Network - R®
Co Object Information for conditioning (fon,yo)
fo PointNext features object R1024
Yo one-hot encoding of the class {0,1}*
Vo Object Template’s Vertices R1500
I Interaction T={cx"}
cr Vector of contact labels {201, By
cIor Human-object contacts [0,1]%*
B Human-floor contacts [0,1)®
P. Contact points on the human body R%*, P, C Vy
d Distances between P. and Vo RS

original distribution. We train our network to recover the original sample z°
directly as in [74] (instead of the traditional formulation, in which the added
noise ¢ is recovered). To achieve this, we parametrize the reverse process by a
denoising neural network D, that is trained to recover the original sample z°
from the noised sample z7 at denoising step 7 given the condition c. Defining
for brevity E) = Ezonpyornr BT = E7atif0,..., 1), and Eg = E,7 (57 |20) We obtain
the training objective:

minE, Er E, 1Dy (2" 5¢,T) —2°2.

(12)
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Table S2: Evaluation of ECHO with additional input modalities. We observe
that providing ECHO with contact information provides the biggest quality improve-
ment among all three modalities.

BEHAVE
Mode Human Object
MPJPE| MPJVE| Eyou | E.l
ECHO 6.82%0-08  750%0-11 33 45+0-50 9 13%0-26
ECHO w. H 32.79F065 19 41+0-31

ECHO w. O 6.69770% 737010 ] ]
ECHO w. T 6.60F009 7994012 39 (j340.72 |g 5q+0.28

OMOMO
Mode Human Object
MPJPE| MPJVE] Ey2o ) E.l
ECHO 6.01%0:0%  6.07E0:09 96 50%1.06 15 93+0.28
ECHO w. H - - 26.26T19%  14.64%0:026
ECHO w. © 5.91%%07 ¢, 05%10:09 - -
ECHO w.Z 5.81%0:08 578010 9g 41+0:98 14 g5+0.27

An iterative denoising process with denoising network Dy, is defined by the
following:

2" ' = \/ar_1Dy(z";¢,T) + /1 - ar_ie, (13)

where 2° = Dy (27 ;¢,T).
Notation. Tab. S1 defines symbols used in our work.

8 Additional evaluation

Evaluating the model with contact conditioning. Following the evaluation
of ECHO with sparse H or O tracking, we test the model’s performance with
7T data provided as additional conditioning. We report the results in Tab. S2.
Providing contact information allows for the greatest performance improvement,
compared to other modalities. This highlights that contact information plays an
essential role in modeling human-object interactions.

Qualitative results. More qualitative results of ECHO and comparison with
baselines are provided in Fig. S1.
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Table S3: Evaluation of ECHO with noise simulation. We demonstrate the
robustness of ECHO to intermittent hand tracking by randomly dropping a percentage
of the input. The model maintains stable performance even with significant missing
hand tracking data, confirming its resilience to sensor noise.

OMOMO
Human Object

MPJPE, MPJVE| FEupl E.|

0 6.0 61*  265F! 15.2%03
25  6.0T01 2102 26.6T11 15.4%03
50 6.1%%t  g.3%0:2 26.8%1:3 15 5%0-4
75 6402 .8%03 27.3116 16,5108
90 7.7i045 8.2i0'5 30.4i2.5 20.1i1.9

%

Table S4: Ablation study on OMOMO. Evaluating the impact of ECHO compo-
nents proves the usefulness of guidance, our loss formulation, usage of three modalities,
head-centric coord. system, and training with AMASS data.

OMOMO

Method Human Object

MPJPE| MPJVE|, FEuwwl! Ecl
ECHO 6.001  6.1F01  26.5FL1 150%03
NoGuide 6.17%1  6.1%01  26.6%0°0 15.3%03
Inpaint w/o smooth 6.1%01 6201 26,611 15.4%03
(H, O) 7 3301 7 gE0-1 26.9%0-3 {5 7%0-2
NoAMASS 7.4%00 7 R0l o7 70T g 7E0.2

Noise simulation and ablation on OMOMO. We complement the evalua-
tion of ECHO with noise simulation in the main paper with results on OMOMO [51]
in Tab. S3. ECHO demonstrates robustness to noise, maintaining stable perfor-
mance even with significant missing hand tracking data. Furthermore, we pro-
vide ablation results on OMOMO in Tab. S4. We observe similar trends to the
ablation results on BEHAVE [5].
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Fig. S1: Qualitative results of ECHO. Our method accurately reconstructs human-
object interactions across diverse scenarios. In contrast, competing methods often fail
to capture correct contact dynamics, leading to artifacts such as object penetration or
floating. For dynamic visualizations, please refer to the supplementary video.
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9 Implementation details

Losses. The objective function used to train our network is the weighted com-
bination of the following losses:

LI = (|02 — 032

LY = |To — Toll»

Ly, = |lez —¢zlls

LY = Uo — muetllz + @0 — Tangll2
L = |3 = T2
L = ef T3 s
where U o is the velocity of predicted object keypoints, @e is the angular veloc-

ity of predicted object keypoints, J4 are predicted human joints inferred from

. feet
SMPL, U;c_fe is the velocity of predicted feet joints, and C?Et

binary contact labels for feet. The resulting loss function is:
Lpcro =ML+ X)L + X LT+
AL + ML 4 \H LT

is the ground-truth

with weighting coefficients set to: A7 = \9 = 5.0,AZ = 1,\9 = )\ =\t =
0.01.

Inference guidance. We adopt a classifier-based guidance [15] approach at
inference time. We formulate the guidance loss to ensure that the predicted hu-
man and object meshes align with the predicted contact. The function therefore
includes two terms: one for human-object contact and one for foot-floor contact.
The human-object term forces the contacts inferred from predicted human and
object meshes to align with the contacts diffused by the network:

Fuon(.0.7) = B (de) (16)

where c%OI is a vector of predicted human-object contacts, d € R% is vector

of distances between the subset 13? of predicted human mesh vertices ‘A/'H and

object mesh vertices V o:

. , —~j i . =

d; = min HPC -Vo j=1,...,|P,. (17)
=1,...,|Vol

For human-floor interaction, we penalize excessive foot skating based on the
dynamics of predicted contacts. Similarly to [105], we define:

08 = (@), @]) (040 04)))

2
(18)
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where €7 is a vector of predicted human-environment contacts, Jy; are pre-

dicted human body joints of the SMPL model, the summation is done over time
t within window length W and selected joints j (i.e., ankles and toes).

The final loss function for the guidance is a weighted sum of the above terms,
with Agor = 150, Agkate = 0.25:

]:(7:[7 @>i) = >\HOI]:HOI(7'27 @>i) + )‘skate}—skaw(ﬁ7 @71) (19>

We adopt the reconstruction guidance formulation of [31], where the pre-
dicted sample (’}-Ai, @,f) = ECHO(H,0,Z; Tx, To, Tz,Co, &) is directly modi-
fied on each denoising step. The reconstruction guidance with scale A\ = 0.1 is
thus formulated as:

(?:17 @aj) = (7-13 évi) - AVHTH ,0To 17z ‘F(,}:[a évi) (20)

Smooth inpainting. To ensure smooth transitions during inference on long
sequences, we introduce smooth inpainting. This method extends standard in-
painting inference [25] by blending new predictions with past ones in the over-
lapping window region, rather than discarding them. The blending is performed
at each diffusion step according to the following formula:

7:[%* = a?—l% + (1 —a)Hw_1,
@‘7,_\? = aéz\‘f +(1—a)Opw_1, (21)
ZA-Z—VZ = af% + (1 — a)fw,l,

where 7—1%“ , @Z\‘f , f;;z are the predictions for the set of denoising steps Ty, To, Tz
for the current window W, Hyw_1, Ow_1,Zy_1 are the predictions for the pre-
vious window W — 1, and o = 0.4 is a blending factor.

10 Metrics

Evaluating human prediction. MPJPE measures the average Lo distance
between predicted J3 and ground-truth body joints J:

-~ 1 i ~i
MPJIPE(J 3, J3) = 77 Z 1% — Tl (22)
i€ T |

MPJVE measures the average velocity error for predicted J # and ground-
truth body joints J4. Velocity at step ¢ is computed as: Uy, = J5, — J;_Zl, thus
we define:

-~ 1 i ~ i
MPIVE(J3, J3) = =——— > [[U% = Uyl (23)

T —1
[Tl ie{1 T}

Foot Contact (FC) measures the fraction of frames with any of 4 feet joints
(ankle and foot for both legs) located closer to the ground than a pre-defined
threshold (10 and 5 cm, respectively).
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Evaluating object prediction. FE,;, measures the average Lo distance be-
tween the positions of the predicted object vertices and the ground-truth ones:

_ 1 i i
Ev2w(Vo, Vo) = Vol Y IVe-Vol: (24)
i€{0..[Vol}

FE. measures the average Lo distance between the position of the predicted
object center and the ground-truth one:

E(VoVo) =5 > Vo-=— ¥ Vo (25)
© i€{0..|[Vol} |VO‘ i€{0..|Vol} 2
Rotation Difference (Rot. Diff.) measures the average angular difference be-
tween predicted global rotation for the object and the ground-truth one.
The contact accuracy metric Accy is defined as the accuracy between the
ground-truth binary contact vector and a binary contact vector inferred by
thresholding a vector of distances d between predicted human and object meshes.
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