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Supplementary Material

In this supplemental document, we provide additional
details about our datasets and the EventTrack6D method.
Specifically, we provide
• Details of the introduced EventBlender6D, EventHO3D,

and Event6D datasets in Sections 1, 2, and 3.
• Details of the object assets and evaluation protocol in Sec-

tion 4.
• Implementation details of the proposed method and other

methods in Section 5.
• Experiments on additional datasets and methods, along

with further analyses, qualitative results, and video
demonstrations, in Section 6.

1. EventBlender6D Dataset

EventBlender6D is a synthetic benchmark for 6D object
pose estimation in dynamic scenarios, constructed at three
difficulty levels (easy, medium, hard) according to the num-
ber of objects present in each scene. The easy setting con-
tains single-object scenes with 1,033 sequences, whereas
the medium setting includes 2–4 objects per scene and
2,066 sequences featuring collisions and mutual occlusions.
The hard setting further increases the complexity to 5–10
objects per scene with 1,033 sequences. Each sequence
comprises 120 frames recorded at 60 fps, resulting in 2-
second clips that capture the full evolution of the scene,
from initial object placement to free fall under gravity and
eventual rest.

The dataset uses Google Scanned Objects (GSO) [4]
with a balanced sampling strategy that ensures uniform rep-
resentation across all models. Each object is assigned ran-
domized material properties, including surface roughness
and specular reflectance values between 0 and 1.0. Objects
are initialized at random positions and orientations within
the workspace, with collision checking to ensure valid start-
ing configurations. The physics simulation uses realistic pa-
rameters with mass, friction coefficient, and damping values
for stable dynamics.

Object motion is governed by realistic gravitational
physics, where objects fall naturally, undergo collisions
in multi-object scenes, and settle on the floor follow-
ing physically-based dynamics. Camera motion follows
a hemispherical orbital trajectory with azimuthal rotation
completing 2.0 to 3.5 full revolutions per sequence, while
elevation angles are constrained between 5° and 85°. The
orbital radius is adaptively determined based on object
bounding boxes, with scaling factors of 1.2–1.5 for easy
mode and 1.5–2.0 for medium mode. Throughout the se-
quence, the camera continuously tracks a dynamically up-

dated point of interest positioned at the median location of
all objects, ensuring that the workspace remains centered in
the field of view as objects descend under gravity.

To generate event data, we follow the protocol of
video2events [7]. We first upsample the video frame rate
using the method [20] described in their pipeline, and
then synthesize events using ESIM [18]. Following prior
work [10, 14], we additionally adapt the generated events
by applying random contrast sensitivities sampled from
U(0.16, 0.34).

Dataset samples are provided in Fig. 5, and since the
EventBlender6D data are rendered, the ground-truth 6D ob-
ject poses are highly accurate.

2. EventHO3D Dataset
For the HO3D dataset [11], which consists of real-world
markerless RGB-D hand–object interactions with 3D hand
poses and 6D object poses obtained via sequence-level
joint optimization, we generate event data using the same
pipeline as EventBlender6D. Through this process, we con-
struct the EventHO3D dataset. Note that EventHO3D is
used only to assess the model’s generalization capability
under diverse conditions, and none of its data are used for
training. Examples from the EventHO3D dataset are illus-
trated in Fig. 6.

3. Event6D Dataset
To acquire the Event6D dataset, we used three primary
sensing systems: an RGB-D camera, an event camera, and
an OptiTrack motion-capture system for providing ground-
truth poses. To reliably collect data from these hetero-
geneous sensors, two key procedures are required: cross-
system calibration to align their coordinate frames, and time
synchronization to ensure that all systems share a consistent
temporal reference.

3.1. Calibration
3.1.1. Camera Parameter Calibration
Event cameras are inherently sparse and asynchronous,
which makes their standalone calibration already challeng-
ing. Calibrating them jointly with conventional cameras is
even more difficult. To address this, following prior works,
we convert event streams into dense, temporally aligned
images using a pretrained event-to-image reconstruction
model. As shown in Fig. 1, we reconstruct intensity im-
ages from the raw events using E2VID [19], and perform
calibration on these reconstructed frames. For the calibra-
tion toolbox, we adopt Kalibr [6], which is robust to noisy
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Figure 1. Examples of the data used for camera calibration.

measurements and allows us to obtain both the intrinsic and
extrinsic parameters of each camera. Through this process,
we obtain depth that is aligned with the event camera.

3.1.2. Hand-Eye Calibration
Our objective is to estimate the 6D pose of each object in the
camera coordinate frame. However, the OptiTrack motion-
capture system provides measurements in its own world co-
ordinate frame, which makes cross-system alignment essen-
tial. To bridge this gap, we estimate the transformation from
the OptiTrack world frame to the camera coordinate frame
by directly aligning the 2D observations in the camera im-
ages with the corresponding 3D points measured by the Op-
tiTrack system. Specifically, we formulate the problem as a
direct 2D–3D registration and solve it through a robust non-
linear optimization procedure. This allows us to accurately
map the OptiTrack world frame onto the camera coordinate
frame and ensures that all subsequent 6D pose annotations
are expressed consistently in the camera’s reference system.
Coordinate Frames. As shown in Fig. 2, we denote the
OptiTrack (motion-capture) world coordinate frame by O
and the camera’s optical frame by C. At each timestamp
tm, the OptiTrack system provides the 3D positions of the
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Figure 2. Illustration of Hand-eye calibration. We denote the Opti-
Track (motion-capture) world coordinate frame as O and the cam-
era’s optical frame as C. The transformation from the OptiTrack
frame to the camera frame is represented by TCO .

checkerboard corners PO
n (tm), where n indexes individual

checkerboard corners. The camera simultaneously observes
the same corners in the image plane, yielding the corre-
sponding 2D measurements xmn.
2D-3D Optimization. Our goal is to estimate the trans-
formation from the OptiTrack world frame to the camera
frame,

TCO =

[
RCO tCO

0⊤ 1

]
, (1)

where RCO and tCO denote rotation and translation, re-
spectively. Given camera intrinsics K, the predicted image
projection of a 3D point is

x̂mn = π
(
K TCO PO

n (tm)
)
, (2)

where π(·) denotes the perspective projection function. We
estimate TCO by minimizing the total reprojection error:

min
RCO,tCO

∑
m,n

∥xmn − x̂mn(RCO, tCO)∥2 . (3)

This non-linear least-squares problem is solved via
Levenberg-Marquardt algorithm.
RANSAC-based Outlier Rejection. To handle noisy
2D detections from the camera coordinate, we adopt a
RANSAC scheme before the final refinement. At each iter-
ation, a minimal subset of 2D-3D correspondences is sam-
pled to compute a candidate pose T̂CO. The remaining cor-
respondences are tested for inlier support:∥∥∥xmn − x̂mn(T̂CO)

∥∥∥ < τ, (4)

where τ is a reprojection error threshold. The hypothesis
with the largest inlier set is retained, and the final pose esti-
mate is obtained by solving (3) using only the inliers.
Ground-truth 6D Object Pose. The resulting optimized
transformation TCO directly represents the camera pose
with respect to the OptiTrack world coordinate frame. Since
the object poses provided by OptiTrack are expressed in
the OptiTrack world frame, we first transform them into
the camera coordinate frame using TCO. However, the re-
sulting object pose centers are not perfectly aligned with
the true centers of the corresponding CAD models. To ad-
dress this, we obtain an initial 6D object pose by combining
FoundationPose [22] with masks generated by the Segment
Anything Model [13], and then manually refine this pose.
We subsequently convert only this refined pose into the Op-
tiTrack coordinate frame and use it as the ground-truth an-
notation.

3.2. Trigger System
To ensure that all data is captured in the same precise time
domain, we employed a hardware trigger system to syn-
chronize the acquisition times. The RGB-D camera used
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Figure 3. Visualization of trigger signals for overall system.

in our setup, the RealSense D435i, can internally generate
external trigger signals at 30 FPS. These signals are then re-
ceived and processed by both the event camera and the Op-
tiTrack system. As illustrated in Fig. 3, the RGB-D camera
captures data at 30 FPS and simultaneously outputs a trig-
ger signal. Based on this trigger, the event camera can seg-
ment its event stream into slices, and the OptiTrack system
can align its ground-truth acquisition with the same timing.
Furthermore, OptiTrack can subdivide each external trig-
ger interval into smaller segments using its internal multi-
plier, enabling ground-truth capture at 120 FPS, which is
four times faster than the RGB-D camera rate.

3.3. Dataset Details
We acquired the Event6D dataset such that each object ex-
hibits dynamic, challenging, yet realistic motions. To this
end, we designed the motions by imagining typical real-
world usage of each object and mimicking the kinds of
movements that would naturally occur. In our experiments,
we only use the Event6D dataset as a test set and do not use
the training split at all. However, Event6D differs from ex-
isting datasets in two major aspects: (i) it includes challeng-
ing and highly dynamic object motions, and (ii) it provides
highly accurate ground-truth poses together with event and
depth data. These aspects underscore the strengths of our
Event6D dataset. Consequently, we also collected a train-
ing split to facilitate future research. Detailed descriptions
of the training and test sequences of the proposed Event6D
dataset are provided in Table 3 and Table 4, respectively,
and representative dataset samples are illustrated in Fig. 7.

4. Object Assets and Novel Object Evaluation

Object Assets. For object assets, EventBlender6D consists
of Google Scan Objects (GSO) [4], which provides 1033
high-quality 3D scanned models with realistic textures. The
Event6D dataset consists of a subset of HOGrasp [3] and
Yale-CMU-Berkeley (YCB) dataset [2], while HO3D con-
sists of a subset of the YCB [2] dataset, as shown in Fig. 4.

Figure 4. The object assets used in the Event6D dataset. The
object assets do not overlap between EventBlender6D (used for
training), ensuring proper novel-object testing.

For novel object pose estimation evaluation, we ensure that
the training and test sets are strictly disjoint. Specifically,
the objects used in EventBlender6D (training) do not over-
lap with those in Event6D and EventHO3D (test), enabling
rigorous evaluation of generalization to unseen objects. In
total, our dataset comprises 1047 unique object instances
across diverse categories, including household items, tools,
and objects relevant to manipulation.

Object Instance Split for Train and Test. To evaluate
novel object pose estimation capabilities, we maintain strict
separation between training and evaluation objects. The
1033 GSO objects in EventBlender6D serve as the train-
ing set, while Event6D and EventHO3D provide test sce-
narios with completely unseen objects from HOGrasp and
YCB datasets. This split ensures that models cannot rely on
object-specific priors learned during training and must gen-
eralize to novel geometric and appearance characteristics.

CAD Model Acquisition. CAD models for GSO objects
are directly obtained from the official repository with their
provided high-quality meshes. For YCB objects, we use
the standardized CAD models from the official YCB Object
and Model Set. HOGrasp object meshes are either obtained
from the original dataset or reconstructed using structure-
from-motion techniques when high-quality CAD models
are unavailable. All meshes are preprocessed to ensure con-
sistent coordinate frames, metric scale, and watertight ge-
ometry for physics simulation and rendering. Fig. 4 shows
representative object assets from the Event6D dataset, il-
lustrating the diversity of geometric complexity and visual
appearance in our evaluation benchmark.



5. Implementation Details
5.1. EventTrack6D
For the event representation used in dual-modal reconstruc-
tion, we adopt a voxel grid [8, 19, 23] with a bin size of 5
for both the image and depth modalities. For training, we
use two NVIDIA RTX A6000 GPUs and adopt a modular
training strategy to improve stability. To effectively lever-
age prior knowledge learned from existing datasets, we ini-
tialize the image reconstruction module from a pretrained
checkpoint [19] and similarly initialize the refiner using a
pretrained model [22]. Specifically, we first train the dual-
modal reconstruction as separate modules, with the image
reconstruction module frozen, and then fine-tune the en-
tire pipeline in an end-to-end manner, except for the LSTM
parameters in the image reconstruction module, which are
not further trained since they are not designed for sequen-
tial data. We train our model using only the easy difficulty
level of the EventBlender6D dataset, which already provide
sufficient complexity and diversity for robust generalization
across various scenarios.

5.2. Event-based Baselines
5.2.1. Implementation Details of Each Model
E2VID + MegaPose (MG). MegaPose (MG) [15] performs
pose tracking on RGB or RGB-D images. We bridge the
gap between event streams and image-based tracking by
converting events to intensity images using E2VID [19]. We
use the pretrained MegaPose checkpoint, which has been
trained on a diverse collection of datasets.
E2VID + FoundationPose (FP). FoundationPose (FP) [22]
is a state-of-the-art RGB-D pose tracking method. Follow-
ing the original implementation, we set the number of iter-
ations in the FP pose refiner to 2. To enable event-based
tracking, we employ E2VID [19] to reconstruct intensity
images from event streams. These reconstructed images are
fed into FP’s RGB-D tracking pipeline, serving as our base-
line configuration. We utilize the FP checkpoint that has
been pretrained on a large and diverse collection of datasets.
ETAP. We consider a hybrid formulation that combines
the pre-trained event-based point tracking [10] with a rigid
transformation–based update. Given the pose estimate from
the previous timestamp, Tt−∆t, we assume that the CAD
model of the object is placed at the estimated pose, and then
n points are uniformly sampled from its 3D surface. These
3D points, Xt−∆t = {Xi = (xi, yi, zi)}ni=1 are then pro-
jected onto the current event frame, resulting 2D pixel co-
ordinates xt−∆t = {xi = KXi}ni=1, where K represents
a projection matrix of the event camera. We track the pro-
jected points using the event-based point tracker ETAP [10],
and denote the tracked 2D points as x̃t. Depending on the
availability of depth measurements, the final pose is com-
puted using either a PnP [16] formulation or an ICP refine-

ment [1].
At time steps where depth measurements are available,

the 3D coordinate of a tracked 2D point can be recov-
ered from the depth map. Its depth is obtained by sam-
pling the depth map Dt at the tracked pixel location: dit =
Dt(u

i
t, v

i
t). The 3D coordinate is then computed by back-

projection:
Xi

t = ditK
−1x̃i

t, (5)

where x̃i
t = [ui

t, v
i
t, 1]

⊤ is the tracked 2D point in homoge-
neous coordinates and K denotes the camera intrinsic ma-
trix. We align the previous 3D point cloud with the current
observation using an ICP-based registration step.

∆Tt−∆t,t = ICP(Xt−∆t,Xt) (6)

Tt = ∆Tt−∆t,tTt−∆t (7)

During time steps where no depth measurement is avail-
able, typically the interval between two consecutive depth
inputs, we apply a PnP-based 2D–3D matching between the
current 2D points and previously observed 3D points.

Tt = PnP(Xt−∆t, x̃t) (8)

Event-based FoundationPose. Since there are no existing
learning-based event-driven methods that generalize well to
novel objects, we train an adapted version of Foundation-
Pose (FP) [22] that takes event data as input to serve as a
strong event-based baseline. We build the training pipeline
on top of the publicly available official implementation of
FP, modifying the input interface to accept event voxel grids
instead of RGB images. The network is initialized from the
pretrained FP checkpoint, and training is carried out on the
EventBlender6D dataset, using the same setup as for our
method.

5.2.2. Experimental Details at 120 FPS
Unlike RGB-based models, the event-based baselines can
perform inference at a higher temporal resolution, operat-
ing at 120 FPS as in our main experiments, rather than being
limited to the 30 FPS of the depth stream. For MegaPose,
FoundationPose, and our event-based adaptation of FP, we
observe that they can still run without depth by masking
the depth input with zeros. Based on this, we feed recon-
structed images from E2VID in intervals where depth is not
available and provide the depth input at timestamps where
depth measurements are present. For the ETAP baseline,
we use ICP-based tracking when depth is available, and fall
back to a PnP-based pose update when only reconstructed
image information is present.

6. Additional Experiments
6.1. Experiments on Other Datasets
In addition to EventHO3D and Event6D, we further eval-
uate the trained model on the YCB-Ev dataset [21], com-



Table 1. Experiments on the YCB-Ev dataset.

Methods FP [22] EventTrack6D (Ours)
Modality RGB+Depth Event+Depth

AR ↑ 5.82 17.87

paring our proposed EventTrack6D with the RGB+Depth-
based FoundationPose (FP). Since the ground-truth (GT)
annotations in YCB-Ev are generated using an RGB-
D–based method, they can exhibit temporal inconsisten-
cies within some sequences. To mitigate this issue, we ex-
clude such sequences from our evaluation. As shown in Ta-
ble 1, our method achieves higher quantitative scores than
FP. However, we believe that these gains may not solely be
attributed to the merits of our approach, but are also influ-
enced by the fact that YCB-Ev does not employ hardware-
level triggering, which can lead to misalignment between
the different sensor streams. For this reason, we do not
include the YCB-Ev results in the main paper and instead
report them here for completeness.

We also considered conducting additional experiments
on E-POSE [12] and RGB-DE [5], but were unable to do so
because full public access to the necessary data is currently
not available. In contrast, our Event6D dataset provides ac-
curate ground-truth annotations using a motion capture sys-
tem and ensures precise time synchronization across differ-
ent modalities at the hardware level. This design highlights
the reliability of Event6D as a benchmark, and we plan to
maintain and release it as a well-curated public resource for
the community.

6.2. Initialization Sensitivity
Our method is designed to recover from rotation errors up
to 20° and translation errors up to half the object diame-
ter. Table 2 evaluates robustness to first-frame pose errors
by applying ∆ rotation and translation perturbations. Our
method remains reliable within approximately 10◦ and 10
cm.

Table 2. Performance changes resulting from adding errors to the
first-frame pose. ∆0◦ and ∆0 cm indicate that no error was added.

∆0◦ & ∆0 cm ∆3◦ & ∆3 cm ∆5◦ & ∆5 cm ∆10◦ & ∆10 cm ∆15◦ & ∆15 cm
ADD-S ADD ADD-S ADD ADD-S ADD ADD-S ADD ADD-S ADD
52.79 25.26 50.74 23.75 51.30 23.69 50.08 23.38 5.19 1.81

6.3. Experiments with Other Existing Methods
We first clarify that our task focuses on Novel Object 6D
Pose Tracking, where the model must track previously
unseen objects during inference. Methods that rely on
instance-level training do not fall within this scope. For ex-
ample, RGB-D-E [5] methods are typically trained on a spe-
cific object instance and therefore do not exhibit the level of
object generalization required for our setting. LOPET [17]
also presents challenges for our evaluation protocol. The

method assumes line-based geometric priors and requires
the target object to consist predominantly of linear struc-
tures. As illustrated in Fig. 4, many objects in our bench-
mark have curved or complex geometries, making it dif-
ficult to apply LOPET in a principled way. In addition,
LOPET requires an initial line specification, which can-
not be reliably provided for curved objects. Although
EDOPT [9] is not learning-based, it is capable of handling
unseen objects and represents a valuable feature-based ap-
proach. However, our Event6D dataset contains objects
moving at an average speed of 2,m/s, and, as noted in the
official implementation, EDOPT is sensitive to rapid mo-
tion. In our experiments, the tracker quickly diverged under
this dynamic setting, and we were therefore unable to obtain
stable results suitable for reporting.

Given these considerations, we include the event-based
FoundationPose [22] as a comparison method. Foundation-
Pose has recently demonstrated strong generalization capa-
bilities across novel objects and diverse scenarios. To en-
sure a fair and meaningful comparison within our event-
based framework, we train an event-driven version of Foun-
dationPose and use it as a competitive baseline in our eval-
uation.

6.4. Qualitative Results
We provide additional qualitative results comparing the pro-
posed EventTrack6D with several strong baselines: the
state-of-the-art RGB-D tracker FoundationPose (FP) [22],
an E2VID [19] + FP pipeline, and an event-adapted vari-
ant of FP that operates on event and depth inputs. As
can be seen in Figures 8 and 9, RGB-D-based FP quickly
loses track of the object once the motion becomes large and
highly dynamic. Moreover, using only E2VID for image
reconstruction still provides insufficient geometric informa-
tion, E2VID + FP often leading to additional tracking fail-
ures. The event-adapted FP variant is able to roughly fol-
low the object motion, but it struggles to estimate the cor-
rect object scale and frequently produces inaccurate bound-
aries. In contrast, the proposed EventTrack6D accurately
recovers the object pose even under highly dynamic mo-
tion, where RGB-D-based approaches face significant chal-
lenges. These results highlight that our method offers robust
6D tracking for novel objects in event-driven settings, pro-
viding a strong foundational baseline for future research on
event-based object pose tracking.

6.5. Video Demo in Dynamic Motion
We additionally provide qualitative video results extracted
from the test set to demonstrate that our method operates
reliably over the time dimension. The accompanying demo
includes highly dynamic and extreme motions in realistic
scenes. Furthermore, we present additional videos recorded
without the motion-capture system’s IR markers to show-



case performance in even more realistic and challenging
scenarios. As can be seen in these videos, the proposed
method remains stable even under such extreme conditions,
whereas RGB-D–based approaches often struggle to main-
tain accurate tracking.
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Table 3. An overview of the proposed Event6D training set, which is released for future research and not used for training in our experi-
ments. No. Frames denotes the number of 30 FPS RGB and depth frames; the 6D poses are provided at 120 FPS.

Sequence Name No. Frames Description
Train Sequences
banana 001 351 The banana is moved by applying a translation at an appropriate speed.
banana 002 294 The banana is dynamically moved in all directions and orientations across 6-DoF.
banana 003 320 The banana is rapidly moved while varying its depth.
banana 004 291 The banana is moved rapidly by applying both rotation and translation.
bowl 001 193 The bowl is moved rapidly with translation and then rotated to include diverse motions.
bowl 002 168 The bowl is rapidly translated in multiple directions while its depth is quickly varied.
bowl 003 166 The bowl is rapidly rotated.
clamp 001 244 The clamp is rapidly rotated at various angles to include motion across all axes.
clamp 002 328 The clamp undergoes rapid combined rotational and translational motion as it is thrown and caught.
cracker 001 266 The cracker box is first translated rapidly and then rotated to enrich its motion.
cracker 002 226 The cracker box exhibits strong, rapid rotation, with translation occurring simultaneously.
cracker 003 142 The cracker box undergoes a throw-and-catch motion with rapidly and continuously varying depth.
cracker 004 162 The cracker box is repeatedly passed between both hands to generate dynamic motion.
drill 001 493 The drill undergoes rapid movement across diverse motion patterns.
drill 002 408 The drill is manipulated with abrupt, forceful movements, mimicking real drilling on various objects.
drill 003 164 The drill, placed among many objects, performs rotation-heavy motions that mimic drilling.
hammer 001 119 The hammer is repeatedly rotated by 180◦ and driven through large translational motion.
marker 001 201 The marker is held in hand and moved rapidly with translational motion.
marker 002 160 The marker is held in hand and moved with larger, faster translational motion.
mouse 001 257 The mouse used for computers is held in hand and moved rapidly in various directions.
mug 001 205 The mug is moved rapidly with combined rotation and translation.
mug 002 178 The mug undergoes fast rotation and rapid motion, including collisions with another cup in a cheers gesture.
mustard 001 215 The mustard case undergoes rapid shaking and is translated over bowls.
pitcher 001 289 The pitcher is moved with rapid rotation, intermittently passed back and forth between both hands.
pitcher 002 291 The pitcher is used to rapidly pour water into multiple cups and bowls.
pitcher 003 493 The pitcher is used to rapidly pour water into multiple cups and bowls.
pudding 001 151 The pudding box undergoes extremely fast rotation while being moved.
pudding 002 270 The pudding box is spun at very high speed while being moved and placed on multiple bowls.
pudding 003 364 The pudding box is placed inside a bowl and shaken rapidly.
pudding 004 271 The pudding box moves with very fast translation and rotation, intermittently switching the holding hand.
scrub 001 271 The scrub cleanser bottle is rapidly translated and used to dispense cleanser onto multiple bottles.
scrub 002 261 The scrub cleanser bottle is held by its end and rotated widely with occasional hand switching.
spam 001 661 The spam can undergoes repeated rotations with varying depth, while the holding hand is switched.
spam 002 221 The spam can shows translation-dominant motion with repeated hand-to-hand throwing.
spatula 001 224 The spatula starts with fast motion and then performs cooking-like rotations perpendicular to the plane.
spatula 002 261 The spatula is driven quickly in a shaking motion, as if mixing something.
wine 001 190 The wine glass is moved dynamically with rotation-dominant motion at various angles, then placed on several bowls.
Total 9,769

Table 4. An overview of the proposed Event6D test set. No. Frames denotes the number of 30 FPS RGB and depth frames; the 6D poses
are provided at 120 FPS.

Sequence Name No. Frames Description
Test Sequences
banana 301 The banana is held by its stem and moved dynamically with both translation and rotation around that axis.
bowl 261 The bowl is moved with varying depth and rotated to reveal diverse viewpoints.
cracker 308 The cracker box is rotated through various angles and exchanged between both hands.
drill 431 The drill is moved quickly in a fixing-like action, performed at multiple orientations with repeated 180◦ angle changes.
hammer 246 The hammer rapidly executes smashing motions as if breaking an object.
marker 146 The marker is rapidly moved with translation-dominant motion.
mouse 192 The mouse is held in hand and rapidly moved with rotation.
mug 347 The mug is grasped at the top and driven through wide and varied rotations.
mustard 196 The mustard bottle is tossed between both hands and moved back and forth over several bowls.
pitcher 562 The pitcher is rapidly rotated in one hand and then thrown and caught between both hands.
scrub 276 The scrub cleanser bottle undergoes multi-angle rotation while being moved with varying depth.
spam 204 The spam can undergoes dynamic 6-DoF movement involving both translation and rotation.
spatula 263 The spatula moves rapidly and includes stirring or flipping motions as in real cooking.
wine 137 The wine glass is rotated around the camera’s z-axis while undergoing depth variation.
Total 3,870
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Figure 5. EventBlender6D samples visualized as temporal streams of RGB, event, depth, and corresponding 6D object poses.
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Figure 6. EventHO3D samples visualized as temporal streams of RGB, event, depth, and corresponding 6D object poses.
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Figure 7. Event6D test samples visualized as temporal streams of RGB, event, depth, and corresponding 6D object poses.
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Figure 8. Qualitative comparison on the Event6D drill object sequence. Although the event-based methods operate at intervals correspond-
ing to 120 FPS, all visualizations are presented at the RGB frame rate of 30 FPS for consistency. † denotes that the model is trained with
event inputs on the EventBlender6D dataset.
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Figure 9. Qualitative comparison on the Event6D marker object sequence. Although the event-based methods operate at intervals corre-
sponding to 120 FPS, all visualizations are presented at the RGB frame rate of 30 FPS for consistency.† denotes that the model is trained
with event inputs on the EventBlender6D dataset.
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