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Abstract

We propose an approach for reconstructing free-moving ob-
ject from a monocular RGB video. Most existing methods
either assume scene prior, hand pose prior, object category
pose prior, or rely on local optimization with multiple se-
quence segments. We propose a method that allows free in-
teraction with the object in front of a moving camera with-
out relying on any prior, and optimizes the sequence globally
without any segments. We progressively optimize the object
shape and pose simultaneously based on an implicit neural
representation. A key aspect of our method is a virtual cam-
era system that reduces the search space of the optimization
significantly. We evaluate our method on the standard HO3D
dataset and a collection of egocentric RGB sequences cap-
tured with a head-mounted device. We demonstrate that our
approach outperforms most methods significantly, and is on
par with recent techniques that assume prior information.

Project Page — https://haixinshi.github.io/fmov/

1 Introduction
Understanding 3D objects around us is a fundamental
problem in computer vision, and also a critical com-
ponent in many applications, such as augmented real-
ity (AR) (Billinghurst 2021) and robot manipulation (Thal-
hammer et al. 2023). This requires an accurate reconstruc-
tion and pose estimation of such objects. With a monoc-
ular RGB camera, most current work tackle this problem
with major simplifications, either by moving the camera
around a static object (Oechsle, Peng, and Geiger 2021;
Rünz et al. 2020; Yariv et al. 2020; Zou et al. 2024) or by
rotating the object with hands in front of a stationary cam-
era (Rusinkiewicz, Hall-Holt, and Levoy 2002; Tzionas and
Gall 2015; Weise, Leibe, and Van Gool 2008; Weise et al.
2009; Chen et al. 2023).

In this paper, we investigate a more general setting with
the example of an AR device where the object is free-
moving in front of a head-mounted camera. We neither as-
sume any object category prior nor any hand prior in this
new setting, which allows the objects to be moved in any
manner, or freely manipulated with any grasping style if
moved by hands.

Copyright © 2025, Association for the Advancement of Artificial
Intelligence (www.aaai.org). All rights reserved.

Figure 1: Free-moving object reconstruction and pose esti-
mation from a monocular RGB video. Top: Input sequence.
Middle: Existing methods (Hampali et al. 2023) rely on
segment-wise optimization with multiple easy segments of
the sequence, which tends to be local optimal, as shown in
different trajectory colors. Bottom: Our method optimizes
object shape and pose progressively without any segments,
producing globally consistent shape and pose results.

Without pose initialization, most recent methods (Lin
et al. 2021; Jeong et al. 2021; Rosinol, Leonard, and Car-
lone 2022; Rozumnyi et al. 2023) optimize the shape repre-
sentation and poses simultaneously. However, most of them
either rely on geometry clues of the background, which is
inapplicable for free-moving objects, or can only handle a
restricted range of viewpoints. On the other hand, some re-
cent methods (Hampali et al. 2023) use progressive training
to solve this problem and rely on segment-wise optimization
based on multiple overlapping segments of the sequence.
This strategy, however, suffers mainly in two ways. First, the
frame selection of each segment is error-prone, since it typi-
cally relies on the changes of mask area of the target between
consecutive frames, which can hardly be generalized to dif-
ferent object shapes. Second, the segment-wise optimization
is inherently local and suboptimal, as shown in Fig. 1.

We propose a method for joint reconstruction and pose
estimation of free-moving objects without any segments,
which can be globally optimized with a single network. Our
observation is that the unknown pose trajectory of the object
can be simplified with a new virtual camera system that al-
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Figure 2: Overview of our method. We first use off-the-shelf 2D segmentation methods to get object mask in each frame, and
then optimize MLP networks w.r.t. a virtual camera system, with which the camera always points to areas near the object center,
as illustrated as colored 3D axis in the figure. We optimize three MLPs with progressively added images. For each frame with
time index t, we use Pose MLP to predict the object pose (R, s), which corresponds to the rotation and the distance from the
camera center to the object center, summing up to only 4 degrees of freedom. For each 3D point x along the view direction v, we
use SDF MLP and Color MLP to predict its corresponding SDF value and color opacity, respectively. We compare the rendered
image with the input and update MLP networks based on volume rendering. We finally conduct a virtual-to-real conversion and
refine all the results w.r.t. the real camera.

ways points to the object center with the guidance of 2D ob-
ject masks, which reduces the search space of the optimiza-
tion significantly. We first use off-the-shelf 2D segmentation
methods to get object masks in each frame, and then opti-
mize the network w.r.t. the virtual camera. To handle the ap-
proximation error between virtual camera and real camera,
we finally convert the results to real camera coordinate sys-
tem and refine all the results w.r.t. the real camera. We eval-
uate our method on both the HO3D dataset (Hampali et al.
2020) with fixed camera and a collection of data captured us-
ing a head-mounted AR device with egocentric views. The
experiments show that our method outperforms traditional
methods and most baselines significantly.

We summarize our contributions as follows. First, we in-
vestigate the problem of existing methods in reconstruct-
ing free-moving object from a RGB monocular video. Sec-
ond, we propose a simple-but-effective strategy with a vir-
tual camera system that simplifies the object trajectory and
reduce the search space of the optimization significantly. Fi-
nally, we demonstrate the effectiveness of our method on
datasets with either a fixed or egocentric camera.

2 Related Work
3D Reconstruction is a fundamental problem in computer
vision. Traditional methods (Agarwal et al. 2011; Mohr,
Quan, and Veillon 1995; Pollefeys et al. 2004; Snavely,
Seitz, and Szeliski 2006), typically COLMAP (Schönberger
and Frahm 2016), first estimate camera parameters with 2D
matching and then reconstruct the scene with multi-view-
stereo (MVS) techniques (Cheng et al. 2021). Most recent
methods solve the reconstruction by optimizing a neural im-
plicit representation with rendering techniques (Mildenhall
et al. 2020; Pumarola et al. 2021; Wang et al. 2021b, 2023).

Although they achieve high-quality reconstruction results,
most of them rely on SfM to obtain accurate camera poses
for each frame. However, most SfM-based methods assume
static rigid scenes and only work when there are enough tex-
tures in the scene (Schönberger and Frahm 2016; Sweeney
2016; Snavely 2011), which is inapplicable in our setting
where the object moves independently of the background
and the object is often texture-less. Some recent works try
to remove the SfM pose initialization by optimizing the
neural representation and camera poses simultaneously (Lin
et al. 2021; Jeong et al. 2021; Rosinol, Leonard, and Carlone
2022; Bian et al. 2023; Sabae, Baraka, and Hadhoud 2023).
However, they can only work with forward-facing scenarios
with a restricted range of view. The recent method (Hampali
et al. 2023) tries to divide the whole sequence into multiple
easy short segments to facilitate the optimization. However,
the frame selection of the segmenting procedure is shape-
dependent and the segment-wise based optimization is local
optimal. By contrast, our method is segment-free and can
produce globally consistent results.

Object Pose Estimation aims to produce accurate 3D ro-
tation and 3D translation of the object w.r.t. the camera,
which usually serves as pose initialization for dynamic ob-
ject reconstruction. Most recent object pose methods (Hodan
et al. 2018; Hu, Fua, and Salzmann 2022; Hu et al. 2021;
Su et al. 2022; Wang et al. 2021a) first establish 3D-to-2D
correspondences via networks and then use a Perspective-n-
Points (PnP) solver (Lepetit, Moreno-Noguer, and Fua 2009;
Moreno-Noguer, Lepetit, and Fua 2007) to get the pose re-
sults. However, most of them rely on the object’s 3D mesh,
which is one of the goals of reconstruction and is inapplica-
ble in this work. Some recent category-level methods (Chen
et al. 2020; Tian, Ang, and Lee 2020; Weng et al. 2021; Yu,
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Zhai, and Xia 2024; Peng et al. 2022) do not rely on the
target’s mesh explicitly by training the network with mixed
data from different instances of the same category. However,
they are limited to known categories in the training set and
cannot be generalized. By contrast, we do not rely on any
category prior of the object but optimize the shape, color,
and pose of the target simultaneously. On the other hand,
most hand-held reconstruction methods (Huang et al. 2022;
Fan et al. 2024; Jiang et al. 2024) rely on the hand-object in-
teraction, and most of them assume a firmly grasping of the
object during the whole capture to leverage hand pose esti-
mators for pose initialization. Differently, our method does
not make any assumptions about specific grasping styles and
is effective for free-moving objects.

3 Approach
The goal of our method is to reconstruct a rigid dynamic
object from a sequence of RGB images captured with a cal-
ibrated camera. Fig. 2 shows the overview of our method.

3.1 Capture Setup and Data Pre-Processing
We capture a sequence of RGB images of dynamic objects
with either a fixed or egocentric camera, where the relative
pose between the camera and the object is unknown. We do
not assume any object prior or any hand pose prerequisites,
which allows the users to rotate the object in any grasping
style or even switch between different hands during capture.
Users only need to ensure the object is within the field of
view of the camera, and all sides of the object are covered
during capture to have a full reconstruction.

Our method relies on 2D object masks to separate the ob-
ject from the background. We obtain object mask of the first
frame with some simple clicks based on an interactive seg-
mentation method (Kirillov et al. 2023), and then obtain all
the object masks in the following frames with a segmenta-
tion tracking method (Cheng and Schwing 2022).

3.2 Learning Object Representation
We use the Signed Distance Function (SDF) (Wang et al.
2021b; Yariv et al. 2021; Oechsle, Peng, and Geiger 2021)
as an implicit representation for the object surface, where the
surface of the object is given by the zero-level set of its SDF.
We learn the SDF from an image sequence, and compare
the input images with volume-rendered images (Wang et al.
2021b) after converting the SDF to a radiance field. The final
surface mesh is extracted by Marching Cubes (Lorensen and
Cline 1987).

We follow NeuS (Wang et al. 2021b) and use MLP net-
works to learn the object surface and appearance:

(d(x), c(x,v)) = Fθ(x,v), (1)

where Fθ is the MLP networks. For the 3D location x and
viewing direction v, Fθ predicts their SDF value d(x) and
RGB colors c(x,v). In practice, we use two different MLPs
to predict the surface and color field (Wang et al. 2021b), and
apply positional encoding (Mildenhall et al. 2020; Müller
et al. 2022) to x and v to capture high-frequency signals.

We use volume rendering (Kajiya and Von Herzen 1984)
to optimize the implicit representation. The rendered color

(a) BARF (b) Hampali et al. (c) Ours

Figure 3: Different methods for joint pose and shape opti-
mization. (a) BARF (Lin et al. 2021) struggles in handling
360-degree sequences. (b) The segment-wise optimization
of Hampali et al. (Hampali et al. 2023) suffers in scenarios
with large pose changes. (c) Our method produces globally
consistent results. We visualize ground truth pose and pre-
dicted pose in cyan and purple, respectively.

of each pixel is an integration of colors along the camera ray
r passing through the pixel, which is usually numerically
approximated in practice using quadrature (Mildenhall et al.
2020):

Ĉ(r) =
N∑

k=1

wkck (2)

with the alpha-blending coefficient wk =

exp(−
∑k−1

i=1 δiσi)(1 − exp(−δkσk)), where N is the
number of sampled points along the ray r, δk is the 3D
distance between adjacent sampled points xk and xk+1, and
σk is the volume density of xk after a transformation of its
signed distance dk (Wang et al. 2021b). During training, the
network parameters are learned using multi-view images
with photometric loss:

Lcolor =
∑
r∈R

∥Ĉ(r)−C(r)∥ (3)

to measure the difference between the rendered color Ĉ(r)
and the observed color C(r) of a pixel intersected by the ray
r, where R is the set of camera rays going through sampled
pixels. We use the same Eikonal loss and mask loss as in
NeuS for network regularization.

3.3 Optimization with Guided Virtual Camera
To optimize the object representation discussed in the above
section, it is essential to specify both the origin and direction
of camera rays or camera/object poses. We do not assume
the existence of such poses in our setting. Similar to (Lin
et al. 2021; Hampali et al. 2023; Bian et al. 2023; Sabae,
Baraka, and Hadhoud 2023), we optimize the camera poses
and the object representation simultaneously. Since camera
rays are functions of camera parameters, we condition the
camera rays in Eq. 3 on learnable camera poses, as illus-
trated as the Pose MLP in Fig. 2. We assume the camera
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Real camera Virtual camera

Figure 4: Effect of virtual camera. For each camera system,
the left figure shows the trajectory of the moving object,
and the right figure depicts the heatmap of 2D object center
across the whole HO3D dataset. The poses w.r.t the virtual
camera do not have significant magnitude in both horizontal
and vertical directions, which allows the poses to be approxi-
mately captured by only 4 degrees of freedom (3 for rotation
and 1 for distance).

intrinsics and lens distortions of the camera are known and
only optimize the camera pose in this work.

Typically, joint optimization of camera pose and radiance
field can only handle forward-facing scenarios and fails to
converge if the images cover a larger range of viewpoints
or there are some large pose changes between consecutive
images, as shown in Fig. 3.

To handle this problem, we propose to solve the optimiza-
tion problem w.r.t. a new virtual camera system with the
guidance of 2D object masks. Specially, given a 3D point
x and the camera intrinsic matrix K, we have:

u = K(Rx+ t), (4)

where u is the reprojected pixel location on the image, and
R and t are the 3D rotation and 3D translation respec-
tively. On the other hand, given the object mask obtained
in Sec. 3.1, we crop the object with a transformation matrix
M, and with a virtual camera whose intrinsic matrix is Kv ,
we have:

Mu = MK(Rx+ t)

= KvK
−1
v MK(Rx+ t)

= Kv(K
−1
v MKRx+K−1

v MKt),

(5)

where (K−1
v MKR,K−1

v MKt) → (Rv, tv) are the 3D ro-
tation and 3D translation w.r.t. the new virtual camera. While
note that (Rv, tv) is not physically-compliant and can only
be approximately estimated. Instead of optimizing (R, t) di-
rectly, we optimize (Rv, tv) and the object representation
simultaneously w.r.t. the virtual camera. Since the transla-
tion of the target w.r.t. the new virtual camera does not have
significant magnitude in both horizontal and vertical direc-
tions, as illustrated in Fig. 4, we only predict the rotation
and the distance from the camera center to the object center
for object poses, which has only 4 degrees of freedom. This
simplification of pose formulation reduces the search space
of network optimization, and our experiments will show it
increases the performance significantly.

3.4 Segment-Free Progressive Training
Although the virtual camera system reduces the search space
of optimization, it still can not handle 360-degree sequences.

t1 → t1+10 t2 → t2+10 with refinement

Figure 5: Progressive training and global refinement. The
first two figures show the pose and shape results of two
examples during progressive training. The result improves
with more images involved. The last figure shows the result
with global refinement, which improves the performance
further.

We use progressive training to process the images in the se-
quence to leverage the temporal information between con-
secutive images (Hampali et al. 2023; Fu et al. 2024).

We use 2D matches between different images to facilitate
the optimization:

Lmatch(ra, rb) =
N∑

k=1

(wak · ∥gb(xak)− ub∥1)

+

N∑
k=1

(wbk · ∥ga(xbk)− ua∥1),

(6)

where ra and rb are two camera rays passing through the
matched pixel coordinates ua and ub between two different
images a and b, {xak} and {xbk} are the sampled points
along the ray ra and rb, ga(·) and gb(·) are the 2D repro-
jection functions according to the current predicted poses of
images a and b, wak and wbk are the predicted weights for
the points on the ray. We use LoFTR (Sun et al. 2021) to
generate sparse 2D matches for images within a few frame
intervals (typically less than 10). We randomly sample avail-
able 2D matches between different frames during training.

Another challenge of pose-free reconstruction is large
pose changes in videos, where we observe that the newly ap-
peared surface degrades the previously reconstructed shape.
To handle this, we first select B images to jointly train pose
and shape networks with fixed iterations, and then add an-
other group of B images and retrain the pose and shape net-
works with all previous images jointly. During this loop, we
periodically reset the shape network to output a unit sphere
if the pose network result indicates that the current pose is
larger than τ relative to the pose recorded in the most recent
resetting. We typically set τ = 60◦ in our experiments.

3.5 Refinement with Real Camera
The optimization target {(Rv, tv)} of previous sections is
based on the virtual camera and not physically-compliant.
It is usually not accurately aligned with the original opti-
mization target {(R, t)}. To address this problem, we use a
PnP solver to transform the predicted pose from the virtual
camera system back to the real camera system and refine the
results w.r.t. the real camera.
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Methods cracker sugar mustard bleach meatcan driller pitcher mug banana Average

COLMAP 4.08 6.66 4.43 14.11 10.21 11.06 43.38 - - 13.41
Ye et al. 10.21 6.19 2.61 4.18 3.43 15.15 8.87 - 3.47 6.76
Hampali et al. 2.91 3.01 4.44 5.63 1.95 5.48 9.21 4.53 4.60 4.64
Ours 1.71 1.84 3.49 5.38 1.80 3.82 2.84 2.78 4.54 3.14
UNISURF 3.40 3.49 4.34 3.41 1.54 5.33 4.63 - 3.98 3.76
NeuS 1.75 1.69 2.34 3.35 1.17 3.13 3.48 2.19 2.08 2.35
Patten et al. 3.54 3.34 3.28 2.43 3.26 3.77 4.73 4.22 2.44 3.45

Table 1: Mesh evaluation in HDRMSE ↓. Our method outperforms most pose-free methods (top group), and is on par with
methods trained based on ground truth poses (bottom group).

Methods cracker sugar mustard bleach meatcan driller pitcher mug banana Average

COLMAP 7.4 7.4 3.5 1.5 0.1 2.8 4.1 2.4 0.0 2.9
Hampali et al. 7.6 6.8 5.2 4.7 6.8 6.4 4.6 2.2 0.6 4.5
Ours 7.6 7.6 4.2 5.3 3.1 8.5 8.7 8.1 0.3 5.9
FoundPose 5.0 3.5 2.1 2.0 0.2 3.0 0.0 1.8 0.0 2.0
MegaPose 7.4 7.4 2.3 0.0 0.0 3.8 0.0 0.1 0.0 2.3

Table 2: Pose evaluation in AUCATE ↑. Our method produces more accurate pose result on most objects. Even though methods
in the bottom group use ground truth mesh for pose estimation, most of them fail to obtain accurate pose results.

Specifically, we sample a set of 3D points from the re-
constructed mesh in previous sections, and re-project them
to the virtual image plane with the predicted (R̂v, t̂v). Af-
ter transforming the reprojected 2D position with M−1 in
Eq. 5, we establish a set of 3D-to-2D correspondences be-
tween 3D points and 2D image locations on the raw image,
we use RANSAC EPnP (Lepetit, Moreno-Noguer, and Fua
2009) to compute (R̂, t̂) which is the estimated object pose
w.r.t. the real camera. We then conduct a global optimization
with all available images starting from {(R̂, t̂)}.

Unlike the initialization stage, which models the rays
from pixels outside the mask as empty rays, which assumes
no 3D point along the ray and is beneficial for fast conver-
gence, but usually results in incomplete meshes for occluded
objects, we set those rays as valid, but with zero RGB value
in refinement, allowing the shape to benefit from multi-view
compensation. We do not use the match loss in refinement,
and Fig. 5 shows some results.

3.6 Implementation Details
Networks. Besides the standard SDF MLP and Color MLP
used in standard NeuS (Wang et al. 2021b), we use another
small Pose MLP to estimate the object pose of the target
in every frame. Similar to (Schieber et al. 2023), we map
each frame ID to a 256-dim feature vector based on Gaussian
Fourier features and then use 3 layers of MLP with GELU
activation functions to output the poses.

We use a single ADAM optimizer (Kingma and Ba 2015)
for SDP MLP and Color MLP. During training, the learn-
ing rate warms up linearly from 0 to 5e-4 during the first 5k
iteration and then follows a cosine decay schedule with al-
pha=0.05. For Pose MLP, we use another ADAM optimizer
with a cosine decay schedule of alpha=0.5.

Sampling. We use an unit sphere for the initialization of the
SDF network, and define the sampling range (i.e., near and
far) within the unit sphere. For each training step, we ran-
domly sample 512 rays from the input image batch. During
the optimization with guided virtual camera, we only sam-
ple 32 points along each ray for efficiency. We progressively
train our model with B consecutive images as a group. For
every group, we train the networks with a fixed number of
training steps (typically 1K). We sample 20% of the rays
from images within previously-converged groups and 80%
from the images within the newly added group.

In the phase of refinement with the real camera, we use
importance-based hierarchy sampling strategies (Wang et al.
2021b) to uniformly sample 64 points and then sample an-
other 64 points based on the current predicted SDF values.

We train the networks for 150K training steps for refine-
ment. On a typical NVIDIA V100 GPU, the training of a
100-frame sequence takes about 3 hours for initialization
and 7 hours for refinement.

4 Experiments
We evaluate our method systematically in this section.
Datasets. We first evaluate our method on the standard
HO3D dataset (Hampali et al. 2020), which includes video
captures of daily objects with a fixed camera. Since most ob-
jects in HO3D are manipulated by one hand, and there exists
a fixed relative pose between the hand and the object in most
sequences, we collect a more general dataset of free-moving
objects with a head-mounted device with egocentric views,
where the objects are manipulated by both hands with a free
manipulation style.
Metrics. For object reconstruction, we first align the
predicted mesh to the GT mesh based on scale-aware
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ICP (Hampali et al. 2023), then calculate the root mean
square of the Hausdorff distance (mm) (Hampali et al.
2023; Patten et al. 2021) between the predicted mesh and
the GT mesh (HDRMSE). For object pose estimation, we
first align predicted poses to GT poses based on similar-
ity transforms (Hampali et al. 2023; Bian et al. 2023; Fu
et al. 2024), and then compute the area under curve (AUC)
with a threshold of 10cm in Absolute Trajectory Error
(ATE) (AUCATE) (Hampali et al. 2023). We also report
the pose accuracy in Relative Pose Error (RPE) (Bian
et al. 2023; Fu et al. 2024), including RPEr (degree) and
RPEt (cm), corresponding to the rotation error and the
translation error, respectively.

4.1 Evaluation on HO3D
We report results on the 9 sequences of HO3D as in (Ham-
pali et al. 2023; Ye, Gupta, and Tulsiani 2022), and
compare our method with pose-free methods including
COLMAP (Schönberger and Frahm 2016), Ye et al. (Ye,
Gupta, and Tulsiani 2022), and Hampali et al. (Hampali
et al. 2023), where Ye et al. relies on prior hand pose in-
formation. We also compare with FoundPose (Örnek et al.
2024) and MegaPose (Labbé et al. 2022) that predict ob-
ject pose based on GT meshes. To further validate our
method, we compare our reconstructed mesh with the re-
sults of UNISURF (Oechsle, Peng, and Geiger 2021) and
NeuS (Wang et al. 2021b) which are trained with ground
truth poses, and also another method Patten et al. (Patten
et al. 2021) that rely on depth images.

We summarize the reconstruction results in Table 1.
COLMAP can not produce accurate results on most objects,
mainly caused by the lacking of enough textures, especially
for objects like bleach and pitcher in the table. With prior
hand pose information, Ye’s method produces better results
than COLMAP. With carefully selected multiple easy seg-
ments, Hampali’s method outperforms Ye’s method. Nev-
ertheless, our method produces better results than most of
them, and is even on par with methods relying on ground
truth poses (UNISURF and NeuS) or depth images (Patten’s
method). Fig. 6 shows some visualization results of the re-
construction meshes.

Table 2 shows the evaluation of pose results. Our method
outperforms COLMAP and Hampali’s method significantly.
On the other hand, FoundPose and MegaPose use the render-
and-compare strategy to predict the pose based on ground
truth mesh, but most of them fail to obtain accurate pose re-
sults. We found that their predicted pose is reasonably well
for most frames in the sequence. However, there are a signif-
icant number of pose outliers, especially for textureless and
symmetry objects under some views, which produces much
worse numbers than our method in AUCATE .

4.2 Ablation Study
We evaluate the design of our method systematically in this
section. We report the results averaging across all the 9 se-
quences in HO3D, if not explicitly mentioned.
Effectiveness of virtual camera. We study the effect of
the proposed virtual camera in Table 3. In principle, one

Reference NeuS Hampali et al. Ours

Figure 6: Our method produces significantly better results
than Hampali et al.’s method, and is even on par with NeuS
that is trained with ground truth poses.

Strategy Pose Mesh
AUCATE ↑ RPEt ↓ RPEr ↓ HDRMSE ↓

RC 4.33 4.14 7.19 4.15
VC 5.42 1.94 2.65 3.90
VC + RC 5.93 1.57 2.20 3.14
Oracle - - - 2.25

Table 3: Effect of virtual cameras. Progressively training
w.r.t. the real camera (“RC”) typically fails. The proposed
virtual camera system (“VC”) reduces the search space and
improves the results significantly. The global refinement
w.r.t. the real camera (“+RC”) improves the performance
further, producing meshes that most closely resemble “Or-
acle” which is trained using ground truth pose.

Settings Pose Mesh
AUCATE ↑ RPEt ↓ RPEr ↓ HDRMSE ↓

w/o match 5.21 1.87 2.38 4.10
w/o reset 5.58 1.64 2.26 3.28
w/o 4D 5.68 2.26 3.49 3.27
Full 5.93 1.57 2.20 3.14

Table 4: Ablation study. We evaluate different components
of our method, including match loss (“match”), periodical
reset of shape networks (“reset”), and reducing the 6 degrees
of freedom of poses to 4 (“4D”).
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Reference RC VC VC + RC

Figure 7: Effect of virtual camera. Progressively training
w.r.t. the real camera (“RC”) is challenging and typically
fails. The proposed virtual camera system (“VC”) reduces
the search space of optimization and improves the results
significantly after refinement w.r.t. the real camera (“+RC”).

Group size Reset degree Match interval

Figure 8: Ablation study of hyperparameters in AUCATE ↑.

could leverage the temporal consistency between consecu-
tive frames simply by introducing the progressive training,
similar to (Bian et al. 2023; Fu et al. 2024). We compare
this strategy with our method. For a fair comparison, we
use the same network and the same segmentation mask and
2D matches as those used in our method. The major prob-
lem of this strategy is that the pose and shape are optimized
w.r.t. the raw camera, which is challenging due to the tar-
get’s free movement and the wide range it covers in front
of the camera. We denote this method as “RC” in the table.
By contrast, the proposed virtual camera reduces the search
space and improves the results significantly (“VC”). The re-
sult improves further with the refinement w.r.t the real cam-
era (“+RC”). Fig. 7 shows some visualization results.
Ablation study of different components. We study the ef-
fect of different components of our method in Table 4. With-
out the match loss or the periodic reset of the shape network,
the performance has a significant drop (denoted as “w/o
match” and “w/o reset” respectively). On the other hand, us-
ing the standard 6D pose representation (denoted as “w/o
4D”) also suffers in performance. We use the same refine-
ment procedure for all the results in this table.
Ablation study of different hyperparameters. We show
ablation results of our method with different hyperparam-
eters in Fig. 8, including the number of frames B that is
processed as a group during progressing training, the degree
threshold τ for periodic reset of the shape network, and the
the maximum frame internal n for 2D matching across con-
secutive images. As we can see, B=1 gives the best results,
and as the number of images in each group increases, the
performance deteriorates, which we believe is caused by the

Reference BARF Ours Poses

Figure 9: Results on egocentric sequences.

difficulties introduced with the increased data varieties. On
the other hand, τ=60◦ and n=10 produce the best results in
most of our experiments.

4.3 Results on Egocentric Sequences
To verify the generalization ability of our method, we cap-
ture some sequences with a head-mounted AR device with
egocentric views, where the camera is naturally moving with
the user’s head and the target is freely manipulated by the
user. We illustrate the results in Fig. 9. To get ground truth
poses for evaluation, we manually annotate pose every 5
frames for each sequence with depth images as guidance.
While, note that our method relies only on RGB images and
does not use depth images in both training and inference.
The result shows that our method generalizes well to this
real setting, and produces accurate results for free-moving
daily objects.
Limitation. Although our method produces accurate pose
and mesh results in most cases, it cannot handle scenarios
where some parts of the object are occluded for a long time
during capture. On the other hand, our method still cannot
produce accurate results for tiny texture-less objects due to
the lacking of enough features. Addressing this will be one
of our future work.

5 Conclusion
We have showed that it is possible to jointly optimize the
reconstruction and pose estimation for free-moving objects
without relying on any prior information, or any segmenting
procedure from a monocular RGB video. It relies on the in-
tuition that, using estimated 2D object masks, one can refor-
mulate the joint optimization problem w.r.t. a virtual camera
pointing to the object center, which simplifies the trajectory
and reduces the search space of optimization significantly.
Although the pose and shape are not physically-compliant
in the virtual camera system, our experiments have demon-
strated that optimizing w.r.t. the virtual camera yields robust
initialization results and produces accurate final results after
a refinement w.r.t. the real camera.
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