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A Dataset and Benchmark for Egocentric Human-Object-Human Interactions
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Pass me the medicine
bottle on the table

‘K

Give me the broom to
sweep the floor

Hand me the banana on Pass me the spatula on
the table to eat the table

Figure 1. InterVLA features a large-scale human-object-human interaction dataset in a vision-language-action scheme, where an assistant
provides services to an instructor based on egocentric perception and verbal commands. This comprehensive dataset comprises 3.9K
sequences, totaling 11.4 hours and 1.2M frames of multimodal interaction data, including egocentric and exocentric RGB videos, language
commands and high-precision human/object motions, promoting the development of general-purpose intelligent Al assistants.

Abstract

Learning action models from real-world human-centric in-
teraction datasets is important towards building general-
purpose intelligent assistants with efficiency. However, most
existing datasets only offer specialist interaction category
and ignore that Al assistants perceive and act based on
first-person acquisition. We urge that both the generalist
interaction knowledge and egocentric modality are indis-
pensable. In this paper, we embed the manual-assisted task
into a vision-language-action framework, where the assis-
tant provides services to the instructor following egocentric
vision and commands. With our hybrid RGB-MoCap sys-
tem, pairs of assistants and instructors engage with multi-
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ple objects and the scene following GPT-generated scripts.
Under this setting, we accomplish InterVLA, the first large-
scale human-object-human interaction dataset with 11.4
hours and 1.2M frames of multimodal data, spanning 2
egocentric and 5 exocentric videos, accurate human/object
motions and verbal commands. Furthermore, we establish
novel benchmarks on egocentric human motion estimation,
interaction synthesis, and interaction prediction with com-
prehensive analysis. We believe that our InterVLA testbed
and the benchmarks will foster future works on building Al
agents in the physical world.

1. Introduction

Learning generalist interaction knowledge is indispensable
towards general-purpose intelligent agents to assist humans
in the physical world. To avoid expensive robot data col-
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lection, learning from human-centric interactive datasets
is more efficient [8, 77, 80, 97]. [Existing datasets on
human-human interactions contribute to human-robot in-
teractions [14, 56, 81, 93], teleoperation [44, 45, 100];
human-object interactions promote human-to-robot han-
dover [17, 18, 115, 116], human-robot collaboration [20,
98, 134] and human-scene interactions advance naviga-
tion [118, 136, 139].

Despite the rapid development of magnitude and rich-
ness in human-centric datasets and benchmarks, they still
face some limitations in building intelligent assistants.
Imagining the most basic capabilities for home robots,
perceiving and comprehending the instructor’s commands,
navigating smoothly, and manipulating objects are required.
However, most datasets only offer specialist interaction cat-
egory [37, 66, 76, 86, 116, 122, 130, 134] rather than a
generic scenario composed of diverse human-human, ob-
ject and scene interactions. Besides, existing datasets [37,
66, 76, 116, 122, 130, 137] ignore the fact that Al assistants
always perceive and then react based on their first-person
acquisition [112, 134]. The absence of egocentric perspec-
tive could hinder the physical deployment of Al assistants.

To address these limitations and foster the development
of general human-centric interactions and versatile Al assis-
tants, a comprehensive dataset encompassing diverse inter-
action patterns and stable egocentric perception is piv-
otal. In this paper, we focus on the common daily scenar-
ios of manual-assisted tasks with the majority being human-
object-human interactions where an assistant providing ser-
vices to an instructor following the egocentric vision and
verbal commands, such as “Pass me the cup on the table”,
where the human-human, object, scene interactions are nat-
urally integrated. To simulate real-world robotic assistance
scenarios, we randomly arrange various pieces of furniture
and additional operable objects to establish the scene. The
instructor gives verbal commands accompanied by body
gestures while the assistant comprehends the intention and
then responds accordingly.

Inspired by the vision-language-action (VLA) paradigm
emerged for instruction-following robots, we formulate our
data collection setup within the VLA framework and in-
troduce InterVLA, the first large-scale egocentric human-
object-human interaction dataset with various interaction
categories as depicted in Fig. 1. For the vision modality, we
capture two egocentric videos from the instructor’s perspec-
tive and five exocentric videos covering the full scene. The
language component consists of 100 meticulously crafted
scripts featuring various scene arrangements, versatile inter-
action types, multi-object interactions and navigation tasks.
To acquire action data, we attach reflective markers to the
human and object surfaces, enabling high-precision motion
tracking while preserving RGB data fidelity. We recruit 47
participants to form 27 unique instructor-assistant pairs en-

Dataset Modality Scale
HHI HOI HSI Multi-Obj Ego Exo | #Seqs #Objs #Hours

You2Me [86] v X X X v X 42 - 1.4
ExPI [37] v X X x x v 115 - 0.3
Hi4D [130] v X X X X 4 100 - -
InterHuman [66] v X X X X v 6.0K - 6.6
Inter-X [122] v x x x X x| 114K - 18.8
HIMO [76] X v X v X X 34K 53 9.4
HOH [116] X v x X X /| 27K 136 -
COREA4D [134] v v x X v v/ | 10K 37 -
HOI-M? [137] v 4 v 4 X 4 199 90 20
InterVLA oo v/ v v/ / | 39K 50 112

Table 1. Dataset comparison. We compare InterVLA with ex-
isting human-centric interactive datasets. Modality measures the
human-human, human-object, human-scene interactions, multi-
object interactions, egocentric and exocentric views. Scale mea-
sures the number of sequences, objects and hours.

gaging with 50 household objects, yielding 3.9K sequences

of 11.4 hours and 1.2M frames of interaction data in to-

tal. All the captured data are well-calibrated and temporally
synchronized. A comparison with existing human-centric

interactive datasets is summarized in Tab. 1.

With our proposed Inter VLA dataset, we introduce novel
tasks and benchmarks on how Al assistants better perceive
the surroundings and then generate appropriate responses.
We formulate four downstream tasks of 1) Egocentric hu-
man motion estimation to extract the global body motion
of the instructor based on the first-person perspective of
the assistant, 2) Interaction synthesis to generate plausible
human-object-human sequences given the textual descrip-
tions and the initial states of the human and objects, 3)
Motion-based interaction prediction to anticipate the future
human/object motions conditioned on the previous motion
frames and 4) Vision-language based interaction prediction
to forecast the future human motions from the historical
first-person videos and the verbal instruction. We establish
comprehensive benchmarks for these tasks, providing base-
line models, quantitative and qualitative evaluations, and in-
depth analysis. The results highlight the challenges posed
by rapid camera movement, limited visibility, occlusions,
and multi-object interactions within InterVLA. Addition-
ally, we emphasize the dataset’s potential applications in
tasks such as sparse-view 4D scene reconstruction, hand-
object interaction, and motion reconstruction from sparse
signals. Our contributions can be summarized as:

* We collect the first large-scale human-object-human in-
teraction dataset called InterVLA with diverse generalist
interaction categories and egocentric perspectives.

* Our proposed benchmark with thorough analysis on ego-
centric human motion estimation, interaction synthesis
and interaction prediction will stimulate future works on
building intelligent Al assistants. We will release all the
datasets, code and models for further exploration.

2. Related Work

Egocentric Vision. Increasing attention is attached to ego-
centric vision with datasets [6, 22, 23, 32, 34, 35,41, 62, 64,
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(a) Human Setup

(b) Object-Scene Setup

(c) Hybrid RGB-MoCap System

Figure 2. InterVLA capturing system. (a). We attach 41 reflective markers to the subject’s body with strong medical glue to track the
human body motion. The assistant wears two GoPro cameras to capture the egocentric data. (b). Reflective markers are positioned on the
surface of real objects to track the precise object trajectories. We also collect the precise 3D object scans with a KSCAN Magic Scanner.
(c). Our hybrid RGB-MoCap system with two egocentric RGB cameras, five exocentric RGB cameras, and an OptiTrack MoCap system.

85, 112], spurred by applications like robotics, AR and VR.
The unique dynamics and perspective of egocentric vision
present new challenges and opportunities for various tasks,
including wearer pose estimation [3, 53, 62, 75, 82, 110,
111], activity recognition [35, 57, 65, 141], human-object
interaction (HOI) [15, 21, 61, 77, 84], robotic active per-
ception [4, 58, 107, 126], and interactive assistants [112].
Inter VLA captures the egocentric data via two GoPro cam-
eras showing in Fig. 2, together with accurate humans and
objects motions obtained by the OptiTrack MoCap system.
Compared to most video datasets such as Ego-Exo4D [35],
InterVLA provides ground-truth 4D human and object mo-
tions captured by an optical MoCap system.

Human-Human Interactions. Besides numerous single-
human motion datasets [36, 50, 67, 69, 91, 96, 113, 121,
143], several human-human datasets [33, 37, 66, 69, 86,
108, 122, 130, 133] have also been constructed for inter-
action synthesis [28, 66, 120, 122], human reaction gen-
eration [122, 123]. [14, 44, 56, 92, 93] also verifies that
the learned interaction knowledge can be applied to human-
robot interactions. InterVLA is essentially a human-human
interaction dataset composed by an instructor and an assis-
tant interacting with objects.

Human-Object Interactions. Recent efforts have ex-
panded the boundaries of HOI datasets from hands-
interactions [11, 39, 40, 51, 72, 73] and full-body interac-
tions [29, 48, 105, 125] with single object to full-body in-
teractions with multiple objects [76, 79]. In contrast to pre-
vious datasets focusing on individual HOI episode without
context, InterVLA captures a series of coherent and consec-
utive HOI episodes for each GPT-generated script.

Human-Scene Interactions. Human-scene interactions
incorporate comprehensive aspects ranging from naviga-
tion and collision avoidance to interaction with objects in
the scene with various applications like embodied Al and

VR. Real-world datasets [9, 38, 42, 43, 54, 83, 99, 138]
face limitations such as static scenes [38, 43], single ob-
jects [9, 54, 138], or noisy 3D pose estimated from im-
age [42, 83, 99]. Synthetic datasets [5, 10, 16, 55] resolve
these issues yet suffer from appearance reality and physical
plausibility. We build simple scenes with random furniture
arrangements, offering comprehensive navigation and inter-
action data in real-world dynamic scenes.
Human-Object-Human Interactions. HOH interactions
are common in cooperative tasks and settings. Several
datasets [17, 18, 27, 60, 116] focusing on handover are
limited by fixed scene and body position settings, lack of
egocentric RGB data, and absence of either natural human
appearance or 3D human pose data. While COREA4D [134]
provides egocentric HOH interaction data, it focuses exclu-
sively on a single interaction type of two person collabora-
tively rearranging objects. InterVLA addresses those lim-
itations to involve diverse HOH interaction types, flexible
scene settings and multi-object interactions.
Vision-Language-Action Models. VLA models integrate
vision and language as multi-modal inputs and generate ac-
tions for agents to accomplish tasks. The last few years have
witnessed many great works [12, 13,25,47, 59,78, 87, 140]
propelling the advancement of VLA models with the sup-
port of large pre-trained models. HumanVLA [126] pio-
neeringly simulated humanoid VLA using simulator-style
images as vision input. We anticipate InterVLA with real-
world egocentric RGB data, language instructions, human
response motion and object trajectories, could accelerate the
practical humanoid VLA in real-world applications.

3. The InterVLA dataset

3.1. Overview

InterVLA is a large-scale human-object-human interaction
dataset collected in a vision-language-action scheme, which



of the table.

(b) Exocentric Videos

(a) Egocentric Videos

1. Open the beer bottle and pour

some beer out into the teapot.
2. Put the beer bottle back on the edge

fruit knife to cut something.

4. Put the fruit knife back on the table.
5. Pass me the teapot again.

6. Pass me the spoon to stir the teapot.
7. Pass me the mouse. I will use it.

8. Put the mouse back on the table. |

(c) Instructions
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3. Pass me the fruit knife. I need the s’ e

(d) Human & Object Motions

Figure 3. Components of the Inter VLA dataset. For the vision modality, we capture (a) two egocentric and (b) five exocentric RGB
videos; For the language modality, we comprehensively supply the (c) GPT-generated commands; For the action modality, we provide the

high-precision (d) human and object motions during the interactions.

features an assistant providing diverse services to the in-
structor in daily scenarios. We believe that our two-person
and multi-object setting integrates several specialist human-
centric interactions and will facilitate further research on
robot-centric interactions. Besides, our InterVLA dataset
also emphasizes the utility of egocentric perception and
the assistant’s action based on it. As depicted in Fig. 1,
each scene comprises randomly arranged furniture with two
persons interacting with several daily objects. The assis-
tant performs a series of consecutive actions following the
language commands of the instructor, such as “Give me
the mug on the table”. We provide multi-view exocentric
(third-person) viewpoints and two egocentric (first-person)
perspectives from the assistant. The human and object mo-
tions are obtained by the optical motion capture (MoCap)
system. Next, we will describe the vision-language-action
data collection scheme and pipeline in Sec. 3.2 and dataset
post-processing, components, and statistics in Sec. 3.3.

3.2. Vision-Language-Action Capturing

The concept of vision-language-action (VLA) emerges with
the rise of instruction-following robotics. Inspired by it, we
embed the manual-assisted task into the VLA framework
where the assistant performs diverse services to the instruc-
tor such as picking up, retrieval, handover, and rearrange-
ments of multiple objects. The hybrid RGB-MoCap captur-
ing system of InterVLA is elaborately illustrated in Fig. 2.

Capturing Pipeline. We recruit 46 participants to form
27 unique instructor-assistant pairs for data collection. For
the object and scene setup, we primarily select 50 common
household objects of various sizes, including small objects
such as fruit, mug, knife, and large objects such as suit-
cases, floor hangers, and besom. Note that we adopt real
objects rather than 3D printed objects as [76, 105] for the
fidelity of the RGB modality. The details of the object list
are provided in the supplementary material. To align with
real-world intelligent robotic assistance and enrich the in-
teraction categories, we meticulously develop the following

data-capturing pipeline. We first randomly arrange some
furniture of tables or chairs in the MoCap venue with sev-
eral operable objects positioned in the scene. During col-
lection, the instructor first communicates with the assistant
using verbal commands along with complementary body
gestures, while the assistant should interpret the instructor’s
intention and react appropriately. For each recording, a se-
quence of atomic interactions is performed to preserve long-
duration interactions and maintain continuity.

Vision. Two egocentric GoPro cameras are mounted tightly
on the forehead and chest of the assistant, respectively, to
capture first-person RGB videos with a high resolution of
5312%2988 at 30 fps. The camera intrinsics are obtained
following [1]. The camera positions and orientations are
carefully adjusted based on the height of the participants
to maximize the valid shooting area of the scene, the other
person, and the interactions. Besides, we also integrate five
well-calibrated RGB cameras to compensate for the multi-
view exocentric viewpoints with a resolution of 1920x 1080
at 30 fps. The egocentric and exocentric cameras are all
temporally synchronized by millisecond-level timestamps.
To protect the privacy of participants, we mask the faces of
all the exocentric and egocentric RGB videos with [2].

Language. Commands of the instructor serve as the start-
ing point, trigger, and bridge for the following interactions.
Given the household objects and furniture library, we em-
ploy large language models, i.e., ChatGPT [88] to select the
scenes and objects setup, determine their placement, and
then generate a script of instructor-assistant interaction se-
quences within the scene based on the object affordance.
With the majority of interactions focusing on human-object-
human interactions such as handover and collaborative re-
arrangement, we also include some pure human-human in-
teractions such as supporting or massaging. Furthermore,
we encourage multi-object interactions with object-object
interactions such as “Slicing the apple with a knife” and si-
multaneous manipulation such as “Tidying up the objects



on the table”. Additionally, moving around and navigating
within the scene are also supported. Ultimately, we pro-
duce 100 scripts, each involving an average of 2-3 furniture,
5 household objects, and 8 consecutive atomic commands.
Each script is manually reviewed to ensure validity.
Action. For robotic arms, action can be defined as the rota-
tions and translations of the robot joints. Similarly, motion
is a compact representation for modeling human actions
and object movements. To acquire high-quality human and
object motions, we establish a MoCap system of 8.5x5.4
meters with 20 infrared cameras. For the human motions,
we discard the tight MoCap suits but instead directly at-
tach the reflective markers on the skin or clothes surface by
strong medical glue as [29, 49] to preserve the fidelity of
the RGB modality. The relative displacement between skin
and clothing is eliminated by glue to ensure robust and pre-
cise MoCap results. The objects are treated as rigid bodies
with at least four reflective markers placed on the surfaces
for optical tracking. In our setting, we adopt the 12.5mm
diameter reflective spheres for both humans and objects to
achieve the best tracking results. All the assets are well-
created and calibrated before recording. We also equip the
MoCap system with timecodes for the temporal alignment
with the ego-exo RGB videos.

3.3. Dataset Components

Human Parametric Model. SMPL parametric model [74]
is widely adopted in human-centric interaction datasets,
which formulates the human mesh as the body pose 6 €
R23%3_ global orientation ¢; € R3, root translation ; € R?
and the body shape parameters 3 € R!°, which are deter-
mined based on the height, weight and gender of the partic-
ipant as [76, 94, 122]. We fit the BVH-format human skele-
ton captured from the MoCap data to the SMPL parameters
with the following optimization objective as:

L=XNLj+NLs+ AregLlieg, (D

where £; measures the difference between the raw Mo-
Cap joint position and the optimized result, £, smooths the
inter-frame motion transitions and mitigates pose jittering,
L,cq regularizes the optimized poses from deviating and
A; =1, A5 = 0.1, Apeg = 0.01 are loss weights. We give
further details of each optimization term in supplementary.
Object Meshes and Tracking. To render accurate human-
object interactions, we scan all 50 objects and obtain the
precise object surface geometries with a KSCAN Magic
Scanner. Each object is then attached by more than 3 reflec-
tive markers and tracked by the optical MoCap system. We
further scan the objects together with the attached markers
and align the new scans with the previous results to elimi-
nate the offsets between the two centroids. The object mo-
tion can be represented as the translation t° € R? and rota-
tion r° € RS of the 6D rotation representation [142].

Alignment and Segmentation. We standardize all the
video data to a resolution of 1920x 1080 at 30 fps and
downsample the MoCap data to the same fps for consis-
tency. The exocentric videos, egocentric videos and motion
data are well synchronized with millisecond-level times-
tamps. To facilitate training for downstream tasks, we ren-
der the interaction results and then manually split the long-
duration script into short clips by the atomic commands
while retaining the temporal continuity across the clips. The
RGB videos are also segmented in the same way.
InterVLA Statistics. As aforementioned, we recruit 47
participants forming 27 unique instructor-assistant pairs for
the data collection, spanning 519 valid long-duration inter-
action recordings with different GPT-generated scripts and
scene arrangements. We ensure that each object appears
in at least five scenarios. After the alignment, segmenta-
tion and thorough manual refinement of the motion data,
we obtain 3,906 interaction sequences with 11.4 hours and
1.2M frames of four-tuple data composed by the egocentric
videos, exocentric videos, instructions and human/object
motions. We showcase an example of the dataset in Fig. 3
for a better illustration and more video examples will be
provided in the supplementary materials.

4. Tasks, Benchmarks and Experiments

We define new tasks and benchmarks of egocentric human
motion estimation, interaction synthesis and interaction pre-
diction as presented in Fig. 4 and potential downstream
tasks based on InterVLA, oriented towards general-purpose
Al agents. We also provide the evaluation results for the
proposed benchmarks with detailed analysis.

4.1. Preliminary Formulation

Egocentric videos exhibit the active perspective that shows
the superiority of capturing the details of the close-by inter-
actions and the first-person intentions. However, they also
suffer from the constrained camera field of view without
global perception, rapid viewpoint changes of objects exit-
ing and re-entering the field of the frame.

We formulate our multimodal data as [V, T, H,O,l]
for each sequence, where V. = {wvj,,v.} are the head-
mounted and chest-mounted egocentric videos respectively,
T = {t;}, are the exocentric videos and N; = 5 indi-
cates the video number. The human motions are denoted
as H = {h;,h4} for the Instructor and Assistant respec-
tively, where h;/h 4 can be detailed as {# € R**6 ¢ ¢
RS v € R3,3 € RI%} for the body pose, global ori-
entation, root translation and the body shape parameters,
respectively. The object motions can be represented as
O = {0;}1%,, where 0; = {r¢ € RS t? € R3} for the ro-
tation and translation of the object, respectively. N, means
the number of objects. The geometries of all involved ob-
jects are precisely scanned denoted as G = {gi}fv:“O. Here
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Figure 4. Task Formulation of InterVLLA. We establish multiple downstream tasks on egocentric human motion estimation, text-driven
interaction synthesis, motion-based interaction prediction and vision-language based interaction prediction. All these benchmarks show-
case the great challenges of our InterVLA dataset and will benefit practical, intelligent Al assistants.

we adopt the 6D rotational representation [142] for humans
and objects as in previous works [36, 90]. I refers to the lan-
guage commands. We split the dataset into training, testing
and validation sets with the ratio of 0.8, 0.15 and 0.05 for
all downstream tasks. Note that we adopt only the head-
mounted camera v, for all the video-based experiments.

4.2. Egocentric Human Motion Estimation

Task Formulation. Egocentric perception and comprehen-
sion of the instructor’s intention are fundamental as the first
step of Al assistants. As depicted in Fig. 4 (A), we aim
to reconstruct the world-grounded human motion sequences
given the egocentric RGB videos as

Fae(vy) — hy, ()

where h 1 denotes the estimated instructor motion. Note that
it is quite challenging to maintain accurate body pose esti-
mation and keep the consistent global coordinate system.
The rapid movement of egocentric cameras, occlusion and
limited visibility raise substantial challenges for this task.
Experiment Settings. We evaluate four state-of-the-art
global human motion estimation methods, TRACE [104],
GLAMR [132], TRAM [114], and WHAM [103] on all the
head-mounted camera sequences of the InterVLA dataset
for an intuitive understanding.

Evaluation Metrics. Following previous works [103, 114],
We compute Mean Per Joint Position Error (MPJPE),
Procrustes-aligned MPJPE (PA-MPJPE) and Per Vertex Er-
ror (PVE) to evaluate the 3D human pose and body shape
estimation performance, and Acceleration error (Accel)
for the inter-frame motion smoothness. More specifically,
MPIJPE calculates the average of the Euclidean distances
between the predicted and ground truth joint positions. PA-
MPIPE is the MPJPE calculated after Procrustes analysis
that aligns the predicted poses to the ground truth through
translation, rotation, and scaling. PVE measures the aver-
age distance between predicted and ground truth positions
of the 6,890 vertices derived from the SMPL parametric

model. Accel calculates the average difference in accelera-
tion between the predicted and ground-truth coordinates.
Results and Analysis. We present the visualization results
comparison in Fig. 5 with the raw egocentric frames, the
ground truth motion captured by the MoCap system and
the baseline results. Note that we manually add a horizon-
tal offset to avoid the motion entanglement, yet we place
the anchor points on the floor to refer the global transla-
tion of the motion. The results show that even the best-
performing algorithms obtain unsatisfactory results. For the
three samples, the assistant turns head to locate scene ob-
jects slightly (first-row) or rapidly (third-row), causing the
instructor to move out of the camera’s field of view. The red
red dashed boxes show that GLAMR and WHAM fail to
track the correct global orientation and keep the correct co-
ordinate system. The green dashed boxes show that TRACE
misses many frames. Besides, we also provide the quanti-
tative results comparisons in Tab. 2, where WHAM [103]
show remarkable superiority over other methods across all
metrics except PA-MPJPE. However, there remains a sig-
nificant gap between its performance and the ground truth.
This discrepancy can be attributed to several challenges in-
herent in our dataset, such as occlusions, rapid camera mo-
tion movements, the incomplete capture of human bodies,
and frequent occurrences of subjects entering and exiting
the frame (re-entering).

4.3. Interaction Synthesis

Task Formulation. Following existing text-driven HOI
synthesis methods [24, 76, 89, 137], we define the task as
multiple humans and objects motion generation as shown
in Fig. 4 (B). We formulate this task as

Frs(H®,0°,G,1) — {H,O0}, 3)

where H” and O represent the initial pose of the humans
and objects respectively, and H and O are the generated
human and object motions. Compared with previous HOI
datasets such as BEHAVE [9], our InterVLA dataset con-
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Figure 5. Visualization result comparison of the egocentric world-grounded human motion estimation results on the InterVLA dataset.
For each sequence, we provide the original RGB frames along with the ground truth motion obtained by the MoCap system and four
baseline models. Higher opacity indicates later frames of the sequence. Please zoom in for a more detailed view.

Method PA-MPJPE| MPIPE| PVE| Accel]
TRACE [104] 91.2 7201 7613 310
GLAMR [132] 134.8 5809 5967 249
TRAM [114] 102.7 684.1 7187 275
WHAM [103] 103.2 3336 3597 87

Table 2. Quantitative results of egocentric global human motion
estimation on the InterVLA dataset. Bold for the best results.

tains multiple humans and objects and multi-object manip-
ulations, which introduces greater challenges.

Experiment Settings. Text-driven human motion gen-
eration methods MDM [106], priorMDM [101] and
HIMO [76] are re-implemented to support the condition in-
put of object meshes and the initial states of two persons
and multiple objects. Further details regarding these meth-
ods can be found in the supplementary materials.
Evaluation Metrics. We train the text feature extractor and
human-object motion feature extractor first via contrastive
learning as [36, 76]. The generation quality is evaluated
by the following metrics: R Precision to evaluate the top-3
accuracy in retrieving the ground-truth description, Frechet
Inception Distance (FID) [46] to measure the latent space
divergence between authentic and synthetic samples, Mul-
tiModal distance (MM Dist) to determine the latent space
distance between generated motions and input texts, Diver-
sity to gauge the variance within the latent space, multi-
modality (MModality) to quantify the diversity of outputs

Methods R Precision (Top 3) 1 FID | MM Dist | Diversity — MModality T

Real 0.7592+0-0020 0.0203F00018 3. 8718*0.0001 90164500531 -

MDM [106] 0.4897+0-0067 2.8039F0-0727 5487900212 7 7960F0.0633 ] ggRgE0-0694

priorMDM [101] 0.5250+0-0008 6.2766F0-077T 5. 5129+00188 g g414+0.0888 9 1297+0.0993
HIMO [76] 0.5707+0:0029 0.6805+00136 4 9g09+0-0162 8 9gq9+0.0554 1 147g+0.0658

Table 3. Quantitative results of human-object-human interaction
synthesis on the InterVLA dataset, where + indicates 95% confi-
dence interval and — means the closer the better. Bold highlights
the best results.

generated from the same textual input.

Results and Analysis. The quantitative results presented in
Tab. 3 demonstrate that HIMO [76] surpasses other methods
across all metrics except for MModality, with a particularly
impressive performance on FID. All these methods achieve
a higher FID than the real interaction data, which shows
that there remains ample opportunity for future endeavors to
enhance the naturalness of the generated interaction results.

4.4. Interaction Prediction

Task Formulation. We propose two types of interaction
prediction tasks of motion-based and vision-language based
as demonstrated in Fig. 4 (C1) and (C2). For the motion-
based interaction prediction, the model predicts the subse-
quent HOI sequences for the following frames given the ad-
jacent past few frames of HOI sequences as

FM.]P(HtI:t_l,OtI:t_l,G) — {IfIt:tE70At:tE}’ (4)



Human Object Contact
Je(mm, |) Te(mm, |) Re(®, 1) Cace(%, D) Pr(%. 1)

MDM [106] 1753 (£ 0.8) 140.2(+0.7) 11.0(£0.2) 85.5(+0.3) 0.4 (+0.0)
InterDiff [124] 175.3 (£0.8) 138.7(£0.6) 10.8(£0.1) 86.0(4+0.2) 0.4 (£+0.0)
CAHMP [19]  172.5(+0.4) 115.6 (£0.5) 9.5 (+0.1) -

Methods

Table 4. Quantitative results of motion-based interaction predic-
tion on the InterVLA dataset.

where t; (tg) denotes the initial (ending) frame of the se-
quence, H*'# and O"*# are the predicted future motions.
In the experiments, we set t; = 0, ¢t = 15 and tp = 30
to predict the poses in the subsequent 15 frames given the
previous 15 frames. While for the vision-language based
interaction prediction, the model manages to anticipate the
future human motions from the historical egocentric videos
and the verbal instruction as

trit—1 ptrit—1 ~ titp
Fypip(op'™ 7 R 1) = {ha

I

where hAAt'tE means the predicted motion of the assistant.
Experiment Settings. We evaluate three state-of-the-art
methods CAHMP [19], MDM [106] and InterDiff [124] for
motion-based interaction prediction. For vision-language
guided interaction prediction, we re-implement the existing
hand trajectory prediction models FHOI [70], OCT [71],
and USST [7] with integrated language embeddings to pre-
dict the motion of the assistant.

Evaluation Metrics. For motion-based interaction predic-
tion, we follow [134] to apply the evaluation metrics of hu-
man joint position error (J.) to measure the Mean Per Joint
Position Error (MPJPE) for two individuals; object transla-
tion error (7,) representing the average L2 differences be-
tween predicted and real object translations; object rotation
error (RR.), indicating the average geodesic differences be-
tween predicted and actual object rotations; human-object
contact accuracy (C,..) to assess the average error rate in
contact detection with a S5cm threshold to detect hand con-
tacts; and penetration rate (P,) calculating the percentage
of object vertices penetrating human meshes. For vision-
language guided interaction prediction, we adopt the aver-
age displacement error as the average L2 distance between
the predicted and ground truth trajectories, and the final dis-
placement error as the L2 distance between the two final
predicted and ground truth locations following FHOI [70].
Results and Analysis. We provide the quantitative results
of three state-of-the-art models for motion-based interac-
tion prediction in Tab. 4. From the results, we can derive
that CAHMP [19] achieves the best performance over the
other baseline methods for both the human joint position
error and the object translation and rotation error, thanks
to the semantic-graph model to learn the relationship be-
tween human and context objects. From the quantitative
comparisons of the vision-language based interaction pre-
diction in Tab. 5, we can derive that USST [7] achieves the

Method Avg. Disp. Error | Final Disp. Error |
FHOI [70] 0.29 0.38
OCT [71] 0.28 0.36
USST [7] 0.24 0.32

Table 5. Quantitative results of vision-language based interaction
prediction on the InterVLA dataset.

best performance for the two metrics due to the proposed
uncertainty-aware state space Transformer. However, we
find that existing state-of-the-art methods have not achieved
satisfactory performance on these two tasks. Significant er-
rors remain in the predicted human motion, object trans-
lation & rotation and human-object contact for these two
tasks, which indicates that our dataset presents significant
challenges for subsequent optimization.

4.5. Potential Downstream Tasks

Sparse-view 4D Scene Reconstruction. Multi-view exo-
centric videos are synergistic with the egocentric viewpoint
for global awareness of the scene. Existing works [63,
109, 119, 131, 135] are dedicated to reconstructing static
scenes from sparse-view images with 3D representations
like meshes, neural radiance fields, and 3D Gaussian splat-
ting while the majority of existing 4D reconstruction ef-
forts [68, 95, 102, 117] are confined to dense perspective
input. Our dataset comprising five exocentric-view videos,
is anticipated to assist in downstream tasks of 4D scene re-
construction through additional supervisory signals, such as
poses and meshes of people and objects.

Hand-object Interaction Reconstruction. Similar to [30,
31, 127, 128] that jointly estimate the poses of both hands
and the interacting objects, our InterVLA dataset with ego-
centric viewpoints and multi-object manipulation can also
empower this task with substantial challenges.

Motion Reconstruction from Sparse Signals. This task
aims to reconstruct one’s own whole-body motion of the
assistant given the sparse signals of the egocentric captured
low body or arms as in previous works [26, 52, 129].

5. Conclusion

In this paper, we introduce a large-scale egocentric human-
object-human interaction dataset called InterVLA. By em-
bedding the manual-assisted tasks into a vision-language-
action scheme, we formulate vision as the egocentric per-
spective, language as the instructor’s verbal commands and
action as the human and object motions, and demonstrate
the indispensability of both generalist interaction knowl-
edge and egocentric perception for building physical-world
Al assistants. Through our extensive dataset and novel
benchmarks for egocentric motion estimation, interaction
synthesis and interaction prediction, we provide valuable
tools that will drive further research and development in the
field of real-world Al-assisted applications.
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