


ing of human motion trajectories is still considerably costly,
and hence such data is still limited for developing models
that generate object manipulation trajectories whilst gen-
eral purpose egocentric recordings are becoming available
at scale as of the Ego4D [29] and Ego-Exo04D [30] datasets.
Hereby, we assume extracting human motions for manipu-
lating objects from egocentric vision datasets at scale is the
key break-through for developing interactive robots.

In this paper, we introduce a framework to extract an ob-
ject manipulation trajectory, a sequence of 6DoF object po-
sitions and rotations, from egocentric videos. Our frame-
work consists of the following: determination of tempo-
ral action span, extracting objects with the open-vocabulary
segmentation model [74] and tracking them with the dense
3D point tracker [93], determining the camera coordinates,
and obtaining the object rotation by the singular value de-
composition from the translation between scenes. Applying
this framework to egocentric videos from Ego-Exo4D [30],
we construct EgoTraj with 28,497 object manipulation tra-
jectories and corresponding action descriptions. Sec. 2.1
presents the dataset statistics from previous studies and
ours. Our dataset emerges as the largest, containing 28,497
action descriptions and trajectories. While existing datasets
such as H20 [46], EgoPAT3D [53], and HOT3D [3] rely on
lab-recordings with multiple cameras or depth cameras, our
dataset is extracted from ordinary egocentric videos with
a single camera without pre-recorded camera coordinates
or depth, and encompasses an entirely different order of
magnitude in the variety of action verbs and objects from
real-world scenarios. As our method does not rely on pre-
recorded camera coordinates, our method is applicable for
most of egocentric video datasets, covering diverse object
manipulations from egovision.

With the extracted trajectories of EgoTraj, we develop
a branch of models to generate object manipulations from
the textual action description. The overview of the task,
including extracted 6DoF object trajectory, is presented
in Fig. 1. In experiments, we develop object manipula-
tion trajectory generation models based on visual and point
cloud-based language models with discretized trajectory to-
kens [9, 15, 44, 108]. Our experimental results on the
HOT3D dataset demonstrate that our models successfully
generate valid object manipulation trajectories. Further-
more, we conduct the experiments of generating action
descriptions using our object trajectories, suggesting that
utilizing trajectories enhances the generation performance,
particularly for the similarity of verbs in the action descrip-
tions. To the best of our knowledge, this is the first attempt
to extract large-scale 6DoF object manipulation trajectories
from egocentric videos without pre-recored camera coordi-
nates and develop visual and point cloud-based language
models for generating object manipulation trajectories from
textual action descriptions.

Dataset #AD #Verb  #Object  #Trajectories
EgoPAT3DT [53] - 26 11 11,141
H20T [46] - 12 8 13,653
HOT3D [3] 986 30 33 986
EgoTraj (Ours) 28,497 228 4,158 28,497

Table 1. Dataset statistics from previous studies and ours. The
“#AD” column denotes the number of action descriptions. “#Tra-
jectories” of T is repored in [5]. Note that our dataset is con-
structed through a machine learning-based approach, while others
are through precise annotations.

2. Related Work
2.1. Object Interaction Understanding

Understanding object interaction involves two key factors
of object affordance and manipulation motion. Koppula
and Saxena [45] addressed human action anticipation by
using object affordances to predict future motion trajecto-
ries. They demonstrated that understanding object affor-
dance and predicting motion trajectories is beneficial for re-
active robotic response. Subsequently, this field has been
extensively explored in the contexts of object affordance
learning [19] and object interaction prediction [29].

Object Affordance Learning. Object affordance learn-
ing aims to localize objects [14, 60, 77] or their specific
parts [31, 48, 49, 61, 66] necessary for performing certain
actions. This task has gained attention for applications in
robotic manipulation [2, 40, 65]. However, most studies
focus on grasping affordance, limiting various manipula-
tion understandings. More recently, hand-object interac-
tion generation [8, 11, 16, 98, 101] has been proposed, ad-
dressing both affordance learning and manipulation under-
standing in 3D space. This task builds upon richly anno-
tated video datasets [46, 59] that include hand poses, object
meshes, and scene point clouds.

Object Interaction Prediction. Object interaction pre-
diction includes various tasks such as interaction antic-
ipation [25, 41, 57, 57, 64], next active object detec-
tion [7, 26, 45, 57, 71, 83, 96], and hand trajectory fore-
casting [58, 61, 62, 103]. These tasks have potential
applications such as VR/AR [27], human-robot interac-
tion [22, 81]. However, most studies addressed these tasks
in 2D space, limiting their applications. To mitigate this
limitation, recent work has extended these tasks into 3D
space [5, 53]. For instance, Bao et al. [5] addressed 3D
hand trajectory forecasting by proposing an uncertainty-
aware state space transformer, extending conventional 2D
trajectory forecasting task to 3D. Despite these advance-
ments, addressing diverse manipulation motions remains
challenging due to the high cost of annotations in 3D space.
In contrast, our work proposes a framework to extract 6DoF
object manipulation trajectories from egocentric videos, en-
abling the handling of diverse manipulation motions. From
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these extracted trajectories with the associated action de-
scriptions, we address text-guided object manipulation tra-
jectory generation.

2.2. Egocentric Vision Dataset

Egocentric videos encompass diverse object manipulation
and hand activities, serving as potential resources for ob-
ject interaction learning. A wide range of datasets and
benchmarks have been proposed [17, 18, 29, 30, 51, 78].
For example, Ego-Exo4D [30] is a large-scale egocentric-
exocentric dataset, providing rich multi-modal resources in-
cluding gaze, point clouds, and texts. Based on these large-
scale datasets, multiple detailed tasks have been devel-
oped [33, 58, 72, 75,79, 85]. Additionally, several datasets
have also been developed for specific purposes, including
hand-object-interaction and VR tasks [3, 32, 46, 59, 90].
HOT3D [3] is an egocentric dataset for 3D hand and
object tracking. Trajectories are captured using optical
markers and OptiTrack cameras, resulting in precise hand
poses and 6DoF object trajectories. While several other
datasets [32, 46, 59] also provide similar hand and object
poses, HOT3D covers a wider range of trajectories involv-
ing diverse objects and action scenarios. To this end, we
utilize 6DoF object manipulation trajectories from HOT3D
to validate model performance.

2.3. Object Pose Estimation / Tracking

Estimating object pose from visual sensors, termed ob-
ject pose estimation, is a crucial topic for robotic percep-
tion [20]. Object pose tracking is an extended task of object
pose estimation, aiming to efficiently track temporal object
poses [52, 91]. Methods in both tasks often rely on ob-
jects” CAD models [35, 52, 69] or several reference im-
ages [34, 36, 80, 91]. Although pose estimation from vi-
sual input is similar to our task, we aim to understand and
generate pose transformations during manipulation. Conse-
quently, our task does not require any 3D object models or
reference images of objects.

2.4. Language Models for Visual / Robotic Tasks

Recent advances in large auto-regressive models, such as
large language models (LLMs) and vision-language mod-
els (VLMs), have established these models as powerful
tools in computer vision [38, 50, 55, 56, 82, 95, 100, 107]
and robotics [9, 44, 108]. For instance, PointLLM [94], a
3D-LLM for object point cloud understanding, has shown
strong performance in 3D object captioning and has also
demonstrated capability in scene-level point cloud under-
standing. Moreover, by embedding spatio-temporal infor-
mation into language space, several studies have achieved
comparable or superior performance to conventional ap-
proaches in image, video, and point cloud understanding
benchmarks, such as object detection [12, 88], object track-

ing [87], temporal action localization [39], and 2D/3D vi-
sual grounding [88, 107]. Inspired by these studies, we de-
velop trajectory generation models based on VLMs, formal-
izing our task as next token prediction task.

3. Dataset Construction Framework

We construct a large-scale training dataset containing 6DoF
object manipulation trajectories along with images, depth
maps, and action descriptions from an egocentric vision
dataset of Ego-Exo4D [30]. Due to the cost and scalabil-
ity, we propose an automated approach here. Note that
our framework does not require any camera extrinsic pa-
rameters in advance. Additionally, we utilize precise 6DoF
object manipulation trajectories extracted from HOT3D [3]
dataset for the evaluation set.

3.1. Training Data Creation

As shown in Fig. 2, our pipeline consists of four stages.
First, given an egocentric video, we determine the start
and end timestamps of the action and identify the manip-
ulated object within the scene. Second, we extract the po-
sition sequence of the manipulated object using an open-
vocabulary segmentation model [74] and a dense 3D point
tracker [93]. Third, we project the sequence into the camera
coordinate system of the first frame using point cloud regis-
tration. Fourth, we extract a rotation sequence by comput-
ing the transformation between the two object point clouds
using singular value decomposition.

Temporal Action Localization. Based on the original an-
notated timestamps, we first split the raw egocentric video
into multiple clips. Each clip spans a four-second inter-
val centered on each timestamp. Next, we sample image
frames within each clip and assign them sequential indices.
We input these indexed frames along with the correspond-
ing action description, originally annotated in Ego-Exo4D,
into OpenAl GPT-40 [1] to determine the action’s start and
end timestamps: fgq and teng. We denote the frames at
tstart and teng as foare and feng, respectively. Moreover, we
use the model to extract the manipulated object name and
determine whether the object is rigid or not. We filter out
non-rigid objects as the transformation of the non-rigid ob-
jects is left for future work. We provide the system prompt
in the Appendix.

Position Sequence Extraction. We first use an open-
vocabulary object segmentation model [74] to identify the
manipulated object in the first frame f,. This model takes
fsart and the object name as inputs, and outputs a 2D seg-
mentation map. Next, we employ an off-the-shelf monocu-
lar depth estimation model [97] and SpaTracker [93]. Spa-
Tracker is a state-of-the-art dense point tracking model that
tracks any 2D points in 3D space. Based on a sequence
of frames between tg, and te,q, we obtain depth maps for
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Action Start Frame: #3

Action End Frame: #N Depth

Object Name: “knife” I Anything

7 |

=»| SpaTracker

Egocentric Video Clip

“Cut the red pepper |
seeds with the knife
in his right hand.”

“Knife” = Gfgx‘ﬁed —

Action Description Segmentation Map

3D Tracking Result

Point Cloud Registration: [R|t] ——

(4) Rotation Sequence Extraction

Singular Value Decomposition: UxV’ = Extracted Trajectory

Figure 2. Trajectory extraction from egocentric videos. Four steps of (1) temporal action localization, (2) position sequence extraction,
(3) trajectory projection, and (4) rotation sequence extraction. Our project page includes visualization of resulting trajectories with videos.

each frame using a depth estimation model. For SpaTracker,
we input the sequence of frames, the corresponding depth
maps, and the segmentation map into the model. The model
then outputs 3D tracking results of the segmented object.

Trajectory Projection. Motions in egocentric videos can
be separated into the object motions and the camera mo-
tions by the camera wearer. Due to the camera motions,
tracking results are not aligned with the camera coordinate
system of the start frame f,,. However, the camera mo-
tion between two consecutive frames can be assumed to be
small and is represented by a projection matrix. To obtain
the projection matrix between two consecutive frames, we
use Depth Anything [97] to estimate depth, convert each
RGB-D image frame into point clouds, and then apply point
cloud registration to determine the projection matrix of the
camera extrinsic parameters. We successfully obtain the se-
quence of the camera extrinsic parameters from each frame
to fsare by multiplying these projection matrices. Recently,
DUSt3R [89] can jointly perform camera pose estimation
and point cloud construction, internally using point cloud
registration of RoMa [10] and gradient-based optimization.
However, we notice DUSt3R can squeeze detailed 3D mo-
tions of objects or hands in egocentric views, leaving this
direction for future work.

Each 2D image frame is first converted into a point cloud
using an estimated depth map. Let (i, j) denote the image
pixel coordinates and d;; the corresponding depth, then

T 7
y| =dy; K5, (1)
z 1

where K is the camera’s intrinsic parameters. Next, we
compute the normals and Fast Point Feature Histograms
(FPFH) [76] for each point cloud to perform registration.
For initial alignment, we use RANSAC-based [23] feature
matching between two point clouds using these FPFH fea-
tures. We further refine the alignment using the colored it-

erative closest point algorithm [68]. With the above opera-
tions, we obtain camera extrinsic parameters for each frame.
The 3D tracking results are then projected to the camera co-
ordinate system of fg, by multiplying the coordinates at
each timestep by the corresponding projection matrix.

Rotation Sequence Extraction. As shown in Fig. 2,
SpaTracker effectively handles self-occlusion, enabling
the computation of temporal object pose transformations.
Given the tracking result of the manipulated object, the ob-
ject pose is computed using singular value decomposition
(SVD). First, we set the initial pose of the manipulated
object to an identity transformation: [0,0,0]7. We then
compute the covariance matrix I between the object point
cloud at the initial timestamp and each subsequent times-
tamp. Applying singular value decomposition to H gives
H = UXVT. Finally, we compute the rotation matrix
R=VUT, where R € R3*3, and convert R into a rotation
vector r € R3. By concatenating the position and rotation
sequences, we obtain the 6DoF object manipulation trajec-
tory. Additionally, we calculate the minimum 3D bounding
box from the object point cloud at the initial timestamp.

3.2. Evaluation Data

For evaluation, we utilize the existing 6DoF hand and object
tracking dataset of HOT3D [3]. HOT3D is an egocentric
view dataset for 3D hand and object tracking. The dataset
is constructed using optical markers and multiple infrared
OptiTrack cameras, yielding precise hand and object 6DoF
information. The dataset is recorded with Project Aria
glasses [21] and Quest 3 [63]. Unfortunately, the dataset
does not include temporal action descriptions, resulting in a
misalignment with our task setting. To mitigate this differ-
ence, we split the raw videos and determine the action start
and end timestamps with action descriptions as described
in Sec. 3.1. Additionally, we obtain depth maps using the
depth estimation model and align the trajectories with the
estimated depth maps for models that require depth or point
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“Stir the bowl with the wooden spoon in the right hand.”
Figure 6. PointLLM [94] results with different action descrip-
tions. The generations are visualized with 3D bounding boxes.

Trajectory  Sim, = METEOR BLEU-4

58.59 23.76 11.93

BLIP-2 [50] v 67.58 24.19 12.48
) 43.05 17.42 325
PointLLM [94] v 53.33 17.56 4.44

Table 5. Effect of trajectory information on image and 3D cap-
tioning performance The “Trajectory” column indicates whether
trajectory information is utilized by the model (v'). Higher values
indicate better performance across all metrics.

scriptions: the wooden spoon is pulled away from the plate
in the top row while it stays on the bowl and is being shaken
on the bottom row. Further visualizations including demon-
stration videos in our project page.

5.3. Action Description Generation

Finally, we conduct experiments of generating action de-
scriptions with BLIP-2 and PointLLM. Indeed, current
VLMs are so effective that they can learn to generate at first-
look plausible action descriptions from solely 2D image 3D
scenery inputs. Therefore, we test two conditions of with
and without trajectories. In addition to the standard met-
rics of METEOR [4] and BLEU-4 [67] for action descrip-
tion evaluation, we also report the similarity of the verbs
between the generated and annotated trajectories, Sim,,, be-
cause they reflect the differences in the actions by camera
wearers in egovision. Sim,, is computed as the cosine sim-
ilarity of word embeddings [70]. Tab. 5 shows the results
from BLIP-2 [50] and PointLLM [94]. The results indi-

Ground-Truth:
Pick up the dumbbell 5Ib with the right
hand.

BLIP-2 w/ trajectory:
Pick the cucumber from the table with
her right hand.

BLIP-2 w/o trajectory:
Place the green apple container on the
table with her right hand.

Ground-Truth:
Pick up the potato masher with the right
hand.

PointLLM w/ trajectory:
Pick a measuring spoon from the
countertop with his right hand

PointLLM w/o trajectory:
Turn the cucumber in her right hand
with her right hand.

Figure 7. Qualitative results in image and 3D captioning task.
The top and bottom figures depict generated captions of BLIP-
2 [50] and PointLLM [94], respectively. “w/” and “w/0” indicate
whether models utilize trajectory information.

cate that utilizing trajectories boosts performance, particu-
larly verb similarity, by nearly 10% in both image and 3D
captioning, confirming the effectiveness of our framework
for extracting accurate manipulation trajectories that reflect
human motion. Fig. 7 illustrates the qualitative results of
image and 3D captioning, indicating that object motion tra-
jectories enhance verb similarity in both models.

6. Conclusion

We developed a scalable framework to extract 6DoF ob-
ject manipulation trajectories from egocentric videos. Us-
ing these trajectories, we created generation models for
object manipulation trajectories based on visual and point
cloud-based language models. Our experimental results on
HOT3D dataset demonstrate that our models learn to gener-
ate object trajectories from action descriptions, providing
fair baseline models for the new task. Moreover, utiliz-
ing trajectories for visual captioning tasks reveals that our
dataset creation framework successfully extracts meaning-
ful trajectories from egocentric videos. For future work, we
construct a massive-scale dataset by adapting the proposed
approach to other egocentric video datasets and investigate
its effectiveness in robotic manipulation.

Limitations. The current framework has two limitations.
First, because our framework defines an object pose as a
6DoF bounding box, it cannot be applied to deformable ob-
jects such as clothes. Second, we observed failure cases
in our dataset due to object segmentation and point-cloud
registration. Segmentation can fail when similar objects
are present, while registration can fail when camera pose
changes abruptly. Further details are in the Appendix.
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