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Abstract

Event cameras provide microsecond latency, making them
suitable for 6D object pose tracking in fast, dynamic scenes
where conventional RGB and depth pipelines suffer from
motion blur and large pixel displacements. We introduce
EventTrack6D, an event-depth tracking framework that gen-
eralizes to novel objects without object-specific training by
reconstructing both intensity and depth at arbitrary times-
tamps between depth frames. Conditioned on the most re-
cent depth measurement, our dual reconstruction recovers
dense photometric and geometric cues from sparse event
streams. Our EventTrack6D operates at over 120 FPS and
maintains temporal consistency under rapid motion. To
support training and evaluation, we introduce a compre-
hensive benchmark suite: a large-scale synthetic dataset
for training and two complementary evaluation sets, in-
cluding real and simulated event datasets. Trained exclu-
sively on synthetic data, EventTrack6D generalizes effec-
tively to real-world scenarios without fine-tuning, maintain-
ing accurate tracking across diverse objects and motion
patterns. Our method and datasets validate the effective-
ness of event cameras for event-based 6D pose tracking of
novel objects. Code and datasets are publicly available at
https://chohoonhee.github.io/Event6D.

1. Introduction

Estimating 6D object pose is a fundamental problem in

computer vision. Early 6D object pose estimation meth-

ods focused on instance-level approaches [117, 132, 134],

where models are trained and evaluated on specific object

instances. Research then progressed to category-level pose

estimation [59, 110, 119], enabling generalization across

object categories. Recent studies have advanced toward

novel object generalization [66, 83, 84] in the context of

robotic applications [61], developing models that handle

unseen objects. However, accurate pose estimation from

a single frame is insufficient for real-world applications re-
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Figure 1. Conventional RGB-D based methods often fail under highly

dynamic scenes due to limited frame rate from common RGB-D cameras.

Our EventTrack6D addresses this issue by reconstructing dual modalities,

image and depth, between consecutive depth frames to bridge the gap with

event data. This enables inference at finer temporal intervals and yields

robust tracking over highly dynamic motion.

quiring temporal consistency and continuous tracking. This

motivates 6D object pose tracking [91, 128, 131], which

maintains consistent pose estimates across video sequences.

Despite recent advances in novel object 6D pose track-

ing, existing methods [58, 81, 85, 128] and datasets [3, 8,

9, 39, 47, 120] rely on RGB or depth modalities at conven-

tional frame rates (up to 30 FPS), limiting their applicabil-

ity to dynamic scenes with fast motions where motion blur

and large pixel displacements degrade performance. This

limitation motivates the need for robust 6D pose tracking

methods in high-speed scenarios.

Event cameras [31] emerged as a promising sensor for

high-speed visual perception. Unlike conventional frame-

based cameras [40, 54] that capture full images at fixed

intervals, event cameras asynchronously record per-pixel

brightness changes with microsecond temporal resolution,

offering negligible motion blur, low latency, and high dy-

namic range. Several works [27, 44, 96] have investi-

gated event-based 6D pose tracking tasks. RGB-DE [27]

pioneered this area by introducing a single-object track-
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Table 1. Dataset Comparison. Overview of publicly available event-based 6D object pose datasets. All datasets include RGB, Event, and depth data. n/a

indicates that the paper does not provide the corresponding information.

Dataset Events # Samples # Objects
Event Annotation

Motion
6D Pose

Resolution Frequency (Hz) Annotation

YCB-Ev [96] Real 13,851 21 1280×720 30 Static CosyPose [57]+ICG [107]

E-POSE [44] Real 333,357 13 346×260 100 Moderate Registration [88]+ICP [7]

RGB-DE [27] Real 2,500 1 346×260 30 Dynamic Manual+ICP [7]

EventBlender6D (Ours) Synthetic 495,840 1033 640×480 60 Dynamic BlenderProc [23]

EventHO3D (Ours) Synthetic 103,462 5 640×480 n/a Moderate Multi-view Opt. [42]

Event6D (Ours) Real 54,556 14 1280×720 120 Dynamic Motion Capture [30]

ing dataset with an RGB-Depth-Event fusion method for

instance-level 6D object pose tracking. However, their 6D

pose annotations are limited to 30 Hz due to the RGB-D

conventional frame rate. They show promising results by

introducing RGB-Depth-Event fusion method for instance-

level 6D object pose tracking. As summarized in Table 1,

recent datasets, such as YCB-Ev [96] and E-Pose [44], in-

troduce multi-object event-based 6D datasets but still re-

main constrained to controlled settings with moderate or

static object motion. Moreover, their annotation pipelines

are limited in handling dynamic objects, as they rely on

existing RGB-D 6D pose methods (CosyPose [57] and

ICG [107], or point cloud registration [88] with refine-

ments [7]), which struggle with highly dynamic motions.

Existing 6D event datasets are still limited in both scale and

motion diversity, which are crucial for developing general-

izable tracking methods.

To address these limitations, we propose EventTrack6D,

an event-based 6D pose tracking framework that achieves

robust tracking in high-speed scenarios and generalizes to

novel unseen object instances without retraining. As shown

in Fig. 1, our key idea is to reconstruct both intensity and

depth at arbitrary timestamps between depth frames by

leveraging event data conditioned on the most recent depth

measurement. The reconstructed intensity and depth enable

matching against CAD renderings, recovering photometric

and geometric cues from sparse event data. This dual re-

construction provides dense geometric and photometric in-

formation for render-and-compare objectives [58, 128], al-

lowing pose estimation at temporal resolutions beyond the

native depth frame rate. EventTrack6D runs at over 120

FPS with a lightweight architecture and maintains robust

tracking in highly dynamic scenes.

Alongside our method, we introduce a comprehensive

dataset suite: EventBlender6D for large-scale synthetic

training (495k samples, 1k objects), Event6D (real-world,

motion-captured) and EventHO3D (simulated event) for

evaluation. By training exclusively on synthetic data, we

demonstrate strong cross-domain generalization to real-

world scenarios without fine-tuning.

The core contributions can be summarized as follows:

• We propose EventTrack6D, an event camera-based 6D

object pose tracking framework that generalizes to novel

objects without retraining.

• We introduce a dual reconstruction approach that lever-

ages event streams to reconstruct both intensity and depth

between consecutive depth frames, which can be seam-

lessly integrated with the downstream module in a render-

and-compare paradigm.

• We present large-scale synthetic and real-world event-

based datasets (EventBlender6D, EventHO3D, and

Event6D) for both training and evaluating event camera-

based 6D object pose tracking (see Table 1).

2. Related Works

6D Object Pose Estimation and Refinement. 6D object

pose estimation has been divided into instance-level [89,

117, 132], category-level [59, 60, 119], and novel object

pose estimation [62, 84, 128]. To improve initial pose pre-

dictions, pose refinement methods [58, 64, 80, 81, 135] have

been developed for each setting. However, most existing

methods use RGB or depth as inputs and are limited by

the sensing speed of common cameras. Under large and

fast motion, these cameras produce severe motion blur in

RGB frames and large inter-frame displacements, signifi-

cantly degrading the performance.

6D Object Pose Tracking. Classical 6DoF tracking,

including keypoint based [86, 97, 98, 105, 114], edge

based [18, 25, 43, 102, 106], and direct optimization meth-

ods [6, 20, 76, 101, 111], struggles with textureless ob-

jects, clutter, and generalization. This has motivated learn-

ing based approaches [21, 32, 79, 124, 126], which often

require large object specific datasets [2, 124]. Category-

level [67, 118], model-based [49, 107, 131], and model-

free trackers [125, 127] still depend on instance-level su-

pervision, while recent work explores unseen object track-

ing [26] and iterative refinement [58, 64, 80]. In this con-

text [58, 85, 128], our EventTrack6D targets tracking of

novel objects given CAD models and leverages event cam-

eras for robustness under rapid and large motions.

Event-based Image Reconstruction. Event-based im-

age reconstruction is a well-established topic in previous

works [5, 19, 34, 55, 56, 82, 99, 122]. Recent work uses

deep models to produce high-quality reconstructions [94,

95, 100, 130, 133], though supervised approaches typically
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Figure 2. Overview of our EventTrack6D. EventTrack6D consists of a dual-modal reconstruction module and a pose refinement module. It can perform 6D

pose tracking over high-frequency event stream, despite the limited frame rate of depth images which results in missing depth information between time

intervals τ = 0 and τ = t. To achieve this, the dual-modal reconstruction module takes as input the most recent depth frame D0, the event stream E0,t

accumulated from that frame to the current time t where depth frame is missing, as well as the event stream Et−Δt,t from the most recent dual-modal

reconstruction to the current time. From these inputs, it reconstructs the current intensity image It, and depth Dt. These reconstructed modalities are then

used in a pose refinement module to estimate the 6D pose transformation from time t−Δt to t.

require precisely aligned image–event pairs. Alternative

paradigms have also been explored [29, 87, 90, 121], each

introducing its own constraints. Notably, reconstructed im-

ages have been used for downstream tasks by leveraging

dense photometric cues that sparse events lack [122, 123].

Event-based Depth Reconstruction. Depth estimation us-

ing event cameras has progressed rapidly [13, 45, 48, 52,

69, 140], yet many methods are too slow for real-time

or struggle with absolute scale. Rather than regressing

depth directly from events, we exploit motion cues in the

event stream [36, 77, 103, 104, 116] and the high frame

rate of event sensing [16, 33, 53]. Inspired by design

principles of event-based video frame interpolation meth-

ods [10, 15, 78, 109, 112, 113, 137, 139], we propose an

event-driven depth extrapolation that predicts the current

depth from incoming events and the latest depth frame. Un-

like interpolation, our method does not use future frames.

Event-based 6D Pose Estimation. Event cameras pro-

vide high-temporal-resolution and robustness to illumina-

tion [14, 50], enabling event-only ego-motion [1, 56, 92,

115], stereo and visual–inertial fusion [11, 68, 70, 138], and

globally optimized SLAM [12, 38, 75]. These strengths

have motivated 6DoF pose estimation via geometric line

tracking [37, 71, 72], hybrid event–RGB pipelines [65],

marker-based LEDs [28, 74], and stereo for spacecraft [73].

Despite this progress, event-based 6D tracking remains con-

strained by small, object-specific datasets collected in con-

trolled settings [27, 44, 96] and a predominant focus on ge-

ometric formulations with few data-driven methods.

3. Approach
Problem Formulation. Given a CAD model of a rigid ob-

ject and known camera intrinsics, our goal is to estimate

the current object pose Tt = [Rt | tt] in camera frame at

an arbitrary time step t, where t is a normalized time in

[0, 1): τ = 0 corresponds to the timestamp of the most re-

cent depth frame, and τ = 1 denotes the next depth frame in

the future. Rt ∈ SO(3) and tt ∈ R
3 represent its rotation

and translation.

We assume access to an initial pose estimate T0, asyn-

chronous event data, E0,t = {ei = (xi, pi, τi) | 0 ≤ τi <
t}, and depth measurement D0. Each event ei is defined by

its pixel location xi = (xi, yi)
�, timestamp τi, and polarity

pi ∈ {−1, 1}, indicating the sign of the brightness change.

Method Overview. To achieve robust tracking in dynamic

scenarios, we increase the temporal frequency of pose up-

dates. While prior methods [58, 125, 127, 128] typically

infer poses only at timestamps where a depth frame is

available and thereby constrained by the limited frame rate

from a depth camera, EventTrack6D performs tracking up-

dates at finer temporal intervals. As shown in Fig. 2, our

framework enables inference at an arbitrary time t using
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two modules. The dual-modal reconstruction module pre-

dicts the current depth from the most recent depth frame

and intervening events, while simultaneously reconstruct-

ing a dense intensity image. The pose-refinement module

then uses the CAD model and the previous pose to esti-

mate the pose at time t by matching against the recon-

structed image and depth following a render-and-compare

paradigm [57, 64, 85, 126, 128].

3.1. Dual-modal Reconstruction
Given the most recent depth frame D0, the dual-modal re-

construction module processes two separate event streams

with distinct roles. The long-range stream E0,t, accumu-

lated since D0, provides motion cues primarily for depth

reconstruction. The short-range stream Et−Δt,t, collected

over the most recent interval, focuses on fine temporal de-

tails for intensity image reconstruction. Using these inputs,

the module reconstructs the intensity image It and depth

map Dt for the current timestamp when these images are

missing due to their limited frame rate. The process is illus-

trated in Fig. 2 (top-right).

Intensity Reconstruction. From the short-range event

stream Et−Δt,t, we extract spatio–temporal features with

an event encoder for image reconstruction φI
E :

FE
t−Δt,t = φI

E(Et−Δt,t) .

Then, we employ a ConvLSTM to aggregate temporal

context and produce temporally integrated event features:

F̃E
t−Δt,t, ht = ConvLSTM

(
FE
t−Δt,t, ht−Δt

)
,

where ht−Δt is the hidden state propagated from the pre-

vious time step. Finally, the image decoder ψI
E fuses the

aggregated event features to reconstruct the current inten-

sity image:

It = ψI
E(F̃

E
t−Δt,t).

The recurrent hidden state ht is propagated to the next

time step, serving as temporal memory for the subsequent

dual-modal reconstruction.

Depth Reconstruction. Given the most recent depth frame

D0 and the long-range event stream E0,t, we first extract

motion-related features using the event and depth encoders

φM
E and φM

D : FE,M
0,t = φM

E (E0,t) from the long-range

events and FD,M
0 = φM

D (D0) from the depth frame.

Then, we concatenate these motion-related features and

apply a convolutional layer to generate the fused motion

feature F̃M
0,t . Next, the initial motion predictor, ψM , gen-

erates a coarse motion field from the fused features as

MD
0,t = ψM(F̃M

0,t). Using the initial motion field, we warp

the previous depth features to the current time:

FD,M
0→t = Warp(FD,M

0 , MD
0,t). (1)

We then compute a cost volume via a correlation

layer [51, 108, 129] between the warped depth features and

the fused motion feature:

C0,t = Corr
(
FD,M
0→t , F̃M

0,t

)
. (2)

Finally, we estimate a residual motion vector by con-

catenating the cost volume, the initial motion field, and the

fused motion feature, followed by a convolutional layer, to

obtain the refined motion field, M̃D
0,t, by residual addition:

ΔMD
0,t = Conv(Concat(C0,t, MD

0,t, F̃
M
0,t)),

M̃D
0,t = MD

0,t +ΔMD
0,t.

(3)

While the refined motion field enables temporal propa-

gation of past depth information, geometric correction re-

mains necessary to handle changes in 3D structure over

time. To this end, we extract geometry-related features

from long-range events and the depth frame using the en-

coders φG
E and φG

D, producing FE,G
0,t = φG

E(E0,t) and

FD,G
0 = φG

D(D0). Using the refined motion field M̃D
0,t,

we warp the geometry-related depth features to the current

time:

FD,G
0→t = Warp(FD,G

0 , M̃D
0,t). (4)

Event cues FE,G
0,t capture long-range motion but are in-

herently sparse and edge-dominated, which causes ambigu-

ity for depth reconstruction in textureless regions or under

large motion. To supply dense photometric context that en-

codes correspondences and regularizes geometry, we also

use the temporally integrated event features from the im-

age reconstruction stage F̃E
t−Δt,t. We then combine FE,G

0,t

with F̃E
t−Δt,t to reconcile changes in 3D structure over time.

These representations are concatenated and refined, and the

geometry module ψG produces the depth at time t:

Dt = ψG(Concat(F̃D,G
0→t , F

D,G
0 , FE,G

0,t , F̃E
t−Δt,t)). (5)

3.2. 6D Pose Refinement
Dual-modal reconstruction predicts both the intensity im-

age It and the depth map Dt at arbitrary timestamps. This

allows pose tracking under large motion to be decomposed

into a sequence of simpler subproblems with smaller mo-

tion.

Tt =

(
N∏

k=1

T k−1→k

)
T0, where N =

t

Δt
. (6)

Inspired by recent work in pose refinements [58, 128],

the reconstructed intensity and depth images can be seam-

lessly integrated into a pose-refinement module that adopts

a CAD-based render-and-compare paradigm to generalize

to novel objects without retraining, as long as the object

CAD model is given at test time.
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We restrict pose updates to a region of interest (ROI)

around the object. The crop is adapted from the previous

pose estimate: its center is obtained by projecting the ob-

ject origin onto the image plane, and its size is chosen to

cover the object and its local context. Dual reconstruction

is performed only within this ROI, reducing the computa-

tional cost of modality alignment.

The refinement module iteratively predicts a pose update

that aligns rendered object views with the observed input.

At each iteration, the current estimate is initialized from the

previous pose, Tt = [Rt | tt] ← [Rt−Δt | tt−Δt], and

independently updated as

R+
t = ΔRRt,

t+t = tt +Δt,
where (ΔR,Δt) = R(

Tt, It, Dt

)
. (7)

It and Dt denote the predicted intensity image and depth

map at time t, andR(·) is the refinement operator.

3.3. Objective Function
Dual-modal Reconstruction Loss. The reconstructed in-

tensity image It and depth map Dt are supervised using

ground-truth data. For the image reconstruction, we apply a

perceptual loss, LPIPS [136], that encourages photometric

consistency with the ground-truth image Igtt :

Limg = LPIPS(It, I
gt
t ). (8)

For depth reconstruction, we applied L1 loss as:

Ldepth = ‖Dt −Dgt
t ‖1. (9)

The overall reconstruction objective is a weighted combina-

tion of both terms:

Lrecon = λILimg + λDLdepth, (10)

where λI and λD balance the contributions of photometric

and geometric supervision.

6D Pose Refinement Loss. Pose refinement is optimized

using an L2 loss:

Lpose = λr‖ΔR−ΔR�‖2 + λt‖Δt−Δt�‖2 (11)

where ΔRt, Δt∗ are ground truth and λr, λt are weights.

4. Dataset Generation and Acquisition
4.1. EventBlender6D Dataset
We present EventBlender6D, the first large-scale synthetic

dataset for event-based object pose estimation and tracking.

We build our pipeline with BlenderProc [22], enabling high-

frame-rate RGB rendering and accurate annotations using

Google Scanned Objects [24]. An event simulator [93]

is then applied to the rendered sequences to produce syn-

thetic event streams. The objects synthesized in the Event-

Blender6D dataset are disjoint from those in the evaluation

datasets, Event6D and EventHO3D.

RGB-D
: Intel RealSense™ D435i
1280 720 30 FPS

Event Camera
: Prophesee IMX636 
1280 720 5000 FPS

OptiTrack
: 6 Primex 13

Figure 3. System designed for acquiring the Event6D dataset. The event

camera, RGB-D camera, and motion capture system are all hardware-

triggered, temporally synchronized and calibrated.

4.2. Event6D Dataset
We propose Event6D dataset, a real-world event-based 6D

object pose dataset. As shown in Fig. 3, motion capture

system is employed to obtain accurate annotations. The

RGB-D camera, event camera, and motion capture system

are hardware-triggered, ensuring precise temporal synchro-

nization. Event6D provides high-quality 6D pose ground

truth at 120 FPS, enabling reliable benchmarking of event-

based high-frame-rate 6D object pose tracking methods.

The RGB and depth streams were recorded at 30 FPS, fol-

lowing existing datasets [4, 9, 96]. Our Event6D dataset in-

cludes a subset of objects from YCB [8, 132] and HOGrasp-

Net [17] datasets with existing CAD models. To incorporate

novel objects, we captured real objects using a 3D scanner

and generated corresponding CAD meshes. The dataset in-

cludes diverse and challenging scenarios. Further details

are provided in the supplementary material.

4.3. EventHO3D Dataset
The HO3D dataset [42] provides video sequences com-

monly used for pose tracking evaluation. To assess the gen-

eralization of our method, we generate an event-based coun-

terpart, EventHO3D, by simulating events using ESIM [93].

5. Experiments
Experimental Setup. We train our model on the synthetic

EventBlender6D dataset and evaluate it (without any ad-

ditional training or fine-tuning) on the real Event6D and

synthetic EventHO3D datasets under the novel object set-

ting [47, 81, 128], where all evaluation objects are unseen

during training. Following [128], we assume that only the

first frame of 6D pose is provided and evaluate long-term

tracking robustness without re-initialization.

Evaluation is conducted for two different settings: 120

FPS and 30 FPS. In the 120 FPS setting, where RGB-D

data (captured at 30 FPS) are unavailable, we compare our
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Table 2. Comparison of event-based 6D object pose tracking methods on Event6D dataset, evaluated against ground-truth poses at 120 FPS. The event

camera operates asynchronously at high frame rates, while RGB or depth is only available at 30 FPS. Therefore, conventional RGB or RGB-D-based

methods cannot be evaluated under the 120 FPS ground-truths. The runtime is measured on preprocessed data, with a patch size of 160 × 160 corresponding

to the region of interest in FP. † denotes that the model is trained for event inputs and bracket (·) in FPS indicates the runtime when applied TensorRT.

Approach E2VID [95] + MG [58] E2VID [95] + FP [128] ETAP [41] FP† [128] EventTrack6D (Ours)
Modality Event + Depth Event + Depth Event + Depth Event + Depth Event + Depth

Metric ADD-S ADD AR ADD-S ADD AR ADD-S ADD AR ADD-S ADD AR ADD-S ADD AR

banana 0.00 0.00 0.17 24.92 9.65 25.38 6.09 1.54 7.11 13.99 1.70 9.43 43.46 16.26 41.83

bowl 4.43 0.00 17.41 46.20 0.57 77.11 48.20 1.25 75.21 2.70 0.38 8.98 54.86 0.34 85.65

cracker 0.00 0.00 0.03 36.65 28.42 42.05 1.17 1.04 1.31 45.53 27.28 60.42 74.65 62.44 89.19

drill 0.16 0.06 1.56 4.24 2.67 5.10 1.02 0.53 1.20 39.04 6.83 21.66 66.13 38.58 64.94

hammer 35.17 16.16 35.55 57.66 40.34 62.46 39.61 27.64 42.82 23.32 3.20 12.47 53.84 39.68 57.66

marker 12.04 0.83 17.32 0.17 0.17 0.17 0.17 0.17 0.17 12.33 1.02 8.44 62.36 28.01 65.92

mouse 2.10 0.43 10.74 25.48 3.31 63.32 0.13 0.13 0.36 8.60 0.81 9.89 34.54 4.93 70.48

mug 0.00 0.00 0.24 21.43 6.34 27.79 1.96 0.80 4.16 3.46 0.29 2.58 38.74 8.08 39.30

mustard 0.59 0.31 1.10 70.79 49.66 81.07 5.20 3.62 5.42 26.38 4.42 21.56 82.21 63.26 89.79

pitcher 12.83 4.52 17.70 72.35 43.29 74.51 8.44 5.12 8.19 58.15 17.66 47.99 71.47 42.86 81.02

scrub 3.93 1.26 3.98 76.67 54.53 82.57 1.21 1.01 1.44 61.01 22.19 46.54 84.55 65.97 91.63

spam 1.28 0.32 18.60 49.74 23.66 71.36 8.47 4.01 12.59 27.44 8.03 48.64 49.03 24.40 77.01

spatula 2.07 0.99 4.23 47.97 33.39 50.07 2.68 2.02 2.98 5.07 2.23 4.22 0.10 0.10 0.10

wine 0.18 0.18 0.27 0.18 0.18 1.23 0.18 0.18 0.19 16.66 0.94 19.87 17.87 0.48 26.21

MEAN 6.78 2.12 9.02 37.24 16.97 48.72 7.77 2.22 11.42 22.93 4.31 25.72 52.79 25.26 64.38
FPS (Hz) 10.92 79.37 1.56 108.70 50.19 (128.04)

method against event-based baselines under high-frame-

rate inference. For fair comparison with conventional RGB-

D methods, we evaluate our approach at 30 FPS.

Evaluation Metrics. We report standard object pose met-

rics including the area under the curve (AUC) of ADD

and ADD-S [46, 132], as well as the Average Recall

(AR) [83] of Visible Surface Discrepancy (VSD), Max-

imum Symmetry-Aware Surface Distance (MSSD), and

Maximum Symmetry-Aware Projection Distance (MSPD).

Following previous studies [83, 128], we use a threshold

of 0.1 times the object diameter for ADD and ADD-S,

and varying thresholds for AR metrics. We measure in-

ference time on an NVIDIA RTX A6000 GPU, enforcing

CPU–GPU synchronization following prior work [35].

Event-based Baselines. To the best of our knowledge,

there are no existing learning–based event-driven methods

for novel 6D object pose tracking. We therefore compare

two categories of baselines: (1) frame-based methods us-

ing event-to-image conversion and (2) event-based meth-

ods that operate directly on events. For the first category,

we adapt state-of-the-art (SOTA) RGB-D-based 6D pose

tracking methods, MegaPose (MG) [58] and Foundation-

Pose (FP) [128], using E2VID [94] to convert event streams

into images compatible with their pipelines. For the second

category, we use event-based baselines that operate directly

on event and depth. ETAP [41] tracks query points sampled

from the CAD surface and estimates the 6D pose by fitting

a rigid transformation [7, 63]. In addition, we fine-tune FP

on the EventBlender6D dataset to support event inputs. All

event-based baselines support both event-only and event-

depth input. Details are in the supplementary material.

RGB-based Baselines. We also compare against the RGB-

D SOTA pose-tracking methods MegaPose and Foundation-

Pose, under 30 FPS settings only.

5.1. Comparison on Event6D dataset
Evaluation under the 120 FPS setting. In Table 2, we

evaluate baselines for event-based methods at 120 FPS.

Since depth is captured at 30 FPS (every fourth frame),

baselines use depth and events when available, and events

only at intermediate frames.

E2VID [94] + MG [58] and E2VID + FP [128] strug-

gle with temporally sparse depth, leading to unstable pose

tracking under rapid motion, as shown in Fig. 4. ETAP [41]-

based point tracking with ICP [7] and PnP [63] also de-

grades under dynamic motion and occlusion, which limits

overall performance. For fine-tuned FP using event inputs,

the modality mismatch between CAD renderings and event

streams, together with intermittent depth measurements, re-

sults in suboptimal performance.

Our method reconstructs intensity and depth at arbitrary

timestamps, producing CAD-aligned observations that en-

able 6D pose tracking and robust performance across ob-

jects. The model runs at 50 FPS without optimization and

exceeds 120 FPS with TensorRT.

Evaluation under the 30 FPS setting. In this section, we

compare our method against RGB-D pose tracking base-

lines FP [128], and MG [58] at 30 FPS (Table 3), where

RGB-D data are available. The event-based methods per-

form pose tracking at 120 FPS with the same configuration

as in Table 2, but the pose estimates are evaluated at 30 FPS.

Consistent with 120 FPS results (Table 2), EventTrack6D

outperforms other event-depth baselines. Moreover, our

method surpasses strong RGB-D baselines, MG [58] and

FP [128]. Both strong RGB-D baselines often fail when

faced with large inter-frame motion or severe motion blur,
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Table 3. Comparison of event-based 6D pose tracking methods on Event6D dataset at 30 FPS. All methods are evaluated at RGB/depth frame intervals for

fair comparison with RGB-based methods. † denotes models trained on event inputs.

Approach MG [58] FP [128] E2VID [95] + MG [58] E2VID [95] + FP [128] FP† [128] EventTrack6D (Ours)
Modality RGB + Depth RGB + Depth Event + Depth Event + Depth Event + Depth Event + Depth

Metric ADD-S ADD AR ADD-S ADD AR ADD-S ADD AR ADD-S ADD AR ADD-S ADD AR ADD-S ADD AR

banana 24.87 11.78 22.56 20.52 10.23 17.61 0.00 0.00 0.26 16.32 5.64 14.91 24.96 2.11 15.39 35.68 13.58 33.21

bowl 1.13 0.47 2.08 36.14 0.97 21.18 0.78 0.00 11.04 48.43 1.07 73.95 3.80 0.38 10.31 63.19 1.41 88.18

cracker 5.45 2.66 5.68 32.05 24.65 40.10 0.00 0.00 0.15 69.29 52.49 79.59 53.20 34.33 64.55 76.40 65.88 90.06

drill 27.75 9.78 25.88 14.33 9.89 13.58 0.53 0.23 0.90 8.00 4.42 7.60 39.91 4.80 20.97 64.24 42.68 64.90

hammer 11.56 5.38 13.24 3.19 1.99 2.60 18.10 2.66 27.13 43.11 28.81 46.17 27.85 3.56 13.52 57.96 44.20 59.81

marker 7.55 1.24 5.23 6.31 2.86 6.84 2.57 0.68 6.51 51.38 19.04 50.19 14.05 1.37 8.41 49.94 23.68 49.28

mouse 0.00 0.00 0.72 1.04 0.52 0.92 0.81 0.00 6.13 26.25 3.85 57.37 10.82 1.23 10.58 34.30 4.06 70.95

mug 3.57 1.58 3.82 1.11 0.58 1.12 0.00 0.00 0.19 4.28 1.70 6.53 4.57 0.29 2.94 43.35 9.58 39.08

mustard 0.94 0.51 2.00 5.74 4.38 6.72 0.00 0.00 0.22 63.62 38.70 72.22 27.89 5.71 20.56 85.10 68.15 91.81

pitcher 20.39 12.38 20.69 55.66 40.23 59.25 0.93 0.00 8.28 69.00 37.25 69.72 63.28 23.83 51.28 77.81 54.42 85.17

scrub 4.60 2.30 5.32 5.76 4.40 5.22 2.25 0.49 2.24 76.20 53.88 82.02 67.73 31.41 53.54 89.65 77.70 94.10

spam 2.86 1.74 5.48 14.85 11.04 17.50 0.00 0.00 9.08 46.05 22.21 68.32 37.48 13.23 55.20 60.11 36.37 81.15

spatula 1.10 0.45 0.66 14.74 10.13 13.37 1.15 0.39 2.99 0.10 0.10 0.18 6.24 3.50 4.48 0.38 0.38 0.38

wine 1.07 0.00 0.80 0.73 0.73 0.73 0.73 0.73 0.47 0.36 0.18 2.43 14.68 1.51 19.12 1.65 0.73 1.80

MEAN 11.08 5.59 10.49 16.63 7.98 19.25 2.05 0.19 5.24 35.45 16.03 44.92 26.21 5.87 27.53 56.08 29.40 63.71

Figure 4. Qualitative comparison of 6D object tracking at 120 FPS on the Event6D dataset. Original FoundationPose(FP) [128] assumes RGB-D input and

thus cannot be applied to a high frame rate setting. Note that for τ = 0.25, 0.5, 0.75, ours utilizes its reconstructed depth rather than sensor-captured depth.

leading to unstable pose tracking.

Qualitative Results. Figure 4 shows 120 FPS pose-

tracking results. The RGB-D baseline fails under large

motions because it is unable to access depth frames for

pose tracking due to limited frame rates. The hybrid

E2VID [94]+FP [128] approach enables more frequent up-

dates via image reconstruction but still degrades when depth

is unavailable. In contrast, EventTrack6D reconstructs ob-

servations at arbitrary timestamps, enabling robust tracking

across diverse motion conditions.

5.2. Comparison on EventHO3D Dataset
We further evaluate the baselines on a different domain, the

EventHO3D dataset, which differs from Event6D in both

motion distributions and sensor settings, providing an addi-

tional test of domain generalization.

As shown in Table 4, EventTrack6D generalizes across

datasets, even when trained solely on the synthetic Event-

Blender6D dataset. For comparison, we also report results

for other event-based baselines, evaluated under a 30-FPS

protocol following Table 3. Because EventHO3D exhibits

more moderate motion than Event6D, tracking failures are

less frequent even when depth is missing at intermediate

timesteps. Nevertheless, by jointly reconstructing intensity

and depth, EventTrack6D outperforms all baselines.

5.3. Ablation Study and Analysis
Dual-modal Reconstruction. We conduct an ablation

study on the 120 FPS Event6D dataset, as summarized in

Table 5. In the baseline configuration, both depth and im-

age reconstruction are removed: depth is used only when

available at 30 FPS, and the refinement module is trained

on EventBlenderProc to handle event inputs directly with-

out image reconstruction. This setup suffers from limited
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Figure 5. Qualitative depth-reconstruction results on depth-absent intervals. The future depth D1 is provided solely for reference and is not used by the

method. Despite dynamic motion, our approach reconstructs depth images that preserve coherent object structure and align with the object motion, providing

geometric guidance for downstream pose tracking.

Table 4. Comparison on the EventHO3D dataset. † denotes that the model

is trained for event inputs.

Method E2VID [95] + FP [128] FP† [128] EventTrack6D (Ours)
Modality Event + Depth Event + Depth Event + Depth

Metric ADD-S ADD AR ADD-S ADD AR ADD-S ADD AR

AP10 52.60 34.86 46.75 10.41 0.63 4.76 88.66 77.06 90.08

AP11 82.55 57.65 83.16 49.62 13.89 38.62 42.51 29.09 40.52

AP12 70.74 26.00 50.48 64.96 24.05 55.36 85.29 64.90 82.54

AP13 80.93 51.59 77.83 59.57 17.37 41.34 78.17 42.13 66.02

AP14 53.52 42.28 51.67 12.06 6.44 10.75 85.09 67.78 83.06

SM1 41.95 33.78 45.31 0.64 0.64 0.64 85.75 74.99 85.79

SB11 45.08 36.44 47.24 43.21 5.93 23.50 88.17 75.54 90.82

SB13 44.08 37.54 46.37 38.30 7.62 36.82 92.00 83.96 95.42

MPM10 65.58 55.11 70.13 36.48 9.92 23.80 40.31 33.21 43.03

MPM11 53.76 29.30 45.18 2.05 0.64 1.11 43.03 36.60 46.90

MPM12 32.73 25.99 32.98 58.35 12.83 43.96 43.94 38.27 46.78

MPM13 91.30 84.18 95.18 64.50 34.79 57.07 48.42 39.77 49.59

MPM14 35.33 29.31 34.63 36.14 2.27 11.25 43.08 34.79 45.46

MEAN 57.10 41.13 56.77 35.31 8.83 27.64 64.75 50.95 66.27

Table 5. Ablation study of the dual-modal reconstruction.

Depth Recon. Image Recon. ADD-S↑ ADD↑ AR↑
18.45 3.29 20.07

� 28.67 4.75 29.08

� 30.53 13.79 44.99

� � 52.79 25.26 64.38

geometric information between sparse depth frames and a

modality mismatch between CAD renderings and event ob-

servations, ultimately leading to degraded performance.

When only depth reconstruction is added, tracking at ar-

bitrary timestamps becomes feasible by injecting geometric

cues, yet training remains challenging due to the persistent

mismatch between event inputs and CAD renderings. When

only image reconstruction is considered, photometric align-

ment improves, but the lack of continuous geometric infor-

mation limits robustness under dynamic motion.

In contrast, our dual-modal reconstruction produces ob-

servations that align well with CAD renderings at arbi-

trary timestamps, providing both geometric and photomet-

ric cues, thereby achieving consistently superior perfor-

Table 6. Ablation study of depth-reconstruction components.

Motion Vector Image Feature ADD-S↑ ADD↑ AR↑
36.03 17.52 43.60

� 42.26 19.32 48.99

� 41.88 17.61 50.54

� � 52.79 25.26 64.38

mance across diverse motion conditions.

Depth Reconstruction. Table 6 summarizes ablations on

the depth reconstruction module. Incorporating image fea-

tures provides dense visual context that complements sparse

event features, improving reconstruction by adding fore-

ground and texture information. Motion vectors capture

object-centric dynamics and enable accurate estimation of

geometric changes under diverse motion patterns. Fusing

image features with motion vectors improves depth predic-

tions that more accurately represent real-world geometry.

Figure 5 shows reconstruction results at intervals be-

tween depth observations(τ = 0 , τ = 1). The module pro-

duces depth maps that are consistent with available obser-

vations and pixel-aligned with RGB images. Such realistic

depth is input to the pose refinement stage and significantly

enhances event-based 6D pose tracking.

6. Conclusion

In this paper, we explore the problem of event-based 6D ob-

ject pose tracking. Due to the lack of large-scale datasets

for training and evaluation, we introduce three datasets:

EventBlender6D, EventHO3D, and Event6D. Moreover, we

propose the EventTrack6D framework for novel 6D object

pose tracking. Our efficient event-aware design processes

6D pose tracking at 128 FPS. Our experiments demonstrate

strong generalization capability in 6D object pose track-

ing tasks, effectively handling the unique characteristics of

event cameras. We believe this work will foster further re-

search on event-based perception and high-speed 6D pose

tracking.
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[49] Jan Issac, Manuel Wüthrich, Cristina Garcia Cifuentes,

Jeannette Bohg, Sebastian Trimpe, and Stefan Schaal.

Depth-based object tracking using a robust gaussian filter.

In 2016 IEEE international conference on robotics and au-
tomation (ICRA), pages 608–615. IEEE, 2016. 2

[50] Yuhwan Jeong, Hoonhee Cho, and Kuk-Jin Yoon. To-

wards robust event-based networks for nighttime via un-

paired day-to-night event translation. In European Confer-
ence on Computer Vision, pages 286–306. Springer, 2024.

3

[51] Rico Jonschkowski, Austin Stone, Jonathan T Barron, Ariel

Gordon, Kurt Konolige, and Anelia Angelova. What mat-

ters in unsupervised optical flow. In European conference
on computer vision, pages 557–572. Springer, 2020. 4

[52] Jae-Young Kang, Hoonhee Cho, and Kuk-Jin Yoon. Tem-

poral stereo matching from event cameras via joint learning

with stereoscopic flow. IEEE Transactions on Pattern Anal-
ysis and Machine Intelligence, 2025. 3

[53] Jae-Young Kang, Hoonhee Cho, and Kuk-Jin Yoon. Un-

leashing the temporal potential of stereo event cameras for

continuous-time 3d object detection. In Proceedings of the
IEEE/CVF International Conference on Computer Vision,

pages 6869–6881, 2025. 3

[54] Leonid Keselman, John Iselin Woodfill, Anders Grunnet-

Jepsen, and Achintya Bhowmik. Intel realsense stereo-

scopic depth cameras. In Proceedings of the IEEE con-
ference on computer vision and pattern recognition work-
shops, pages 1–10, 2017. 1

[55] Hanme Kim, Ankur Handa, Ryad Benosman, Sio-Hoi Ieng,

and Andrew J Davison. Simultaneous mosaicing and track-

ing with an event camera. J. Solid State Circ, 43:566–576,

2008. 2

[56] Hanme Kim, Stefan Leutenegger, and Andrew J Davison.

Real-time 3d reconstruction and 6-dof tracking with an

event camera. In European conference on computer vision,

pages 349–364. Springer, 2016. 2, 3
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