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Fig. 1: Given a monocular RGB sequence and object mask, MGS-Track utilizes a feedforward network to obtain geometric
priors, enabling 6-DoF pose tracking and 3D reconstruction of the target. Results are directly visualized by our method.

Abstract— Tracking the 6DoF pose of previously unseen
objects from monocular RGB videos is crucial for robotic
manipulation, yet remains challenging due to depth ambiguity
and limited object-centric visual context. Existing trackers often
rely on accurate depth sensors, which constrains deployment
in low-cost settings, while substituting monocular pseudo-depth
frequently introduces geometric errors that reduce tracking
robustness. To this end, We propose MGS-Track, an object-
centric online tracking and reconstruction framework that
combines learning-based geometric priors with differentiable
3D Gaussian Splatting (3DGS). Specifically, we first introduce
a mask-augmented DUSt3R network (DUSt3R-M) to establish
pairwise correspondences and predict point maps, which serve
as geometric priors for initializing and guiding an online 3DGS
representation. We then jointly optimize Gaussian parameters
and 6DoF object poses in a coarse-to-fine manner, enabling ro-
bust tracking and high-fidelity reconstruction. To control model
growth and maintain efficiency over time, we further introduce
adaptive Gaussian management with capacity-aware selection
and mask-consistent pruning. Experiments on YCBInEOAT
and HO3D show that MGS-Track consistently outperforms
competitive monocular baselines on both pose tracking and
object reconstruction in challenging object-centric scenarios.

I. INTRODUCTION

6DoF object pose tracking aims to continuously estimate
the precise 3D position and orientation of target objects from
consecutive video sequences captured in dynamic scenes.
This provides consistent and accurate positional information
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for objects being manipulated, which is essential for appli-
cations such as robotic manipulation and control [1,2].

Early 6DoF object pose estimation approaches typically
require pre-defined 3D object models [3, 4] or category tem-
plates [5,6], and estimate poses through geometric feature
matching pipelines [7]. This reliance on known models or
templates limits their ability to generalize to novel ob-
jects. To track unknown objects, recent works adapt online
localization strategies from SLAM frameworks [8,9]. By
processing RGBD video sequences with synchronized RGB—
depth fusion and cross-modal geometric verification, these
methods can achieve 6DoF tracking, but they inherently
depend on accurate depth to maintain structural constraints.
In particular, many of these algorithms rely on SDF-based
online reconstruction, which is sensitive to depth inaccura-
cies and therefore further amplifies the dependence on depth
quality. As a result, deploying such methods on lightweight
robotic platforms that rely on monocular vision remains
challenging, where accurate depth perception is difficult to
obtain [10].

Monocular models [11, 12] provide an alternative to depth
sensors, but they remain insufficient for reliable 6DoF track-
ing. First, monocular predictions often suffer from scale
ambiguity and limited multi-scale aggregation over time,
which can introduce geometric errors and degrade track-
ing accuracy. To alleviate this issue, DUSt3R [13] and
VGGT [14] adopt multi-frame joint optimization to better
aggregate information across views. However, these meth-
ods reconstruct dynamic foreground objects mainly through
background masking and do not explicitly estimate object
poses; this setting discards useful context and can further hurt
performance. As a result, these approaches are still brittle in
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dynamic scenes.

To this end, we propose MGS-Track, an online framework
for joint 6DoF pose tracking and 3D reconstruction enhanced
by geometric priors. Building upon DUSt3R, we first intro-
duce an end-to-end reconstruction module that focuses on
the foreground object. In this module, uncalibrated image
pairs are back-projected into 3D point maps and used as
geometric priors. We then adopt 3DGS as the core rep-
resentation and leverage differentiable rendering to jointly
optimize the object pose and the 3D representation, enabling
stable tracking even when the priors are imperfect. Finally,
to improve efficiency, we introduce an adaptive Gaussian
management strategy that controls the number of Gaussian
primitives and accelerates optimization.

To evaluate the proposed method, extensive experiments
are conducted on two monocular RGB object pose track-
ing datasets, i.e., YCBInEOAT dataset [15] and HO3D
dataset [16]. The results demonstrate that the proposed
method significantly outperforms existing approaches in
terms of both accuracy and reconstruction quality.

To summarize, our main contributions are as follows.
(1) We propose a feedforward network for reconstructing
foreground objects from monocular video streams. (2) We
introduce an online 3DGS reconstruction approach that
leverages geometric priors from monocular videos and uses
differentiable rendering to jointly optimize the Gaussian
object field and the object pose, enabling online pose updates.
(3) We propose an adaptive Gaussian pruning method based
on voxel partitioning to control the number of Gaussians and
improve computational efficiency.

II. RELATED WORK

6DoF Object Pose Estimation and Tracking. Early ap-
proaches for 6DoF pose estimation rely on CAD models to
establish precise geometric correspondences. Methods like
[17-19] leverage offline training with object-specific CAD
data but fail to generalize to unseen instances. Category-level
templates [5,6] alleviate this limitation by sharing shape
priors within object categories, yet remain constrained by
template accuracy. Estimating poses without CAD models is
inherently ill-posed due to depth ambiguities in monocular
RGB images. Recent works mitigate this by integrating 3D
shape reconstruction into pose estimation: [20] combines
Mask-RCNN with differentiable rendering to recover object
geometry, while neural implicit representations like NeRF
[21] and explicit 3D Gaussians [22,23] enable multi-view
consistent feature synthesis. These methods bypass CAD de-
pendency but typically require pre-captured reference views,
limiting applicability in dynamic scenarios. For 6DoF pose
tracking, temporal information is leveraged to estimate ob-
ject poses across video frames. Some studies construct 3D
models from multi-view video frames to extend tracking to
unknown objects [9,24]. BundleSDF [9] shares our goal of
joint pose tracking and reconstruction for unseen objects,
but requires RGB-D data for implicit SDF optimization.
Our 3DGS framework [25] uses differentiable Gaussian
rendering to co-optimize pose and texture from RGB inputs.

Unlike geometry-centric approaches, we incorporate priors
from [13] to enable robust 6DoF estimation and high-fidelity
surfaces in depth-deficient scenarios.

Simultaneous Localization and Mapping Algorithms.
RGB-SLAM algorithms estimate camera pose and recon-
struct scenes from monocular RGB sequences [26], posing
challenges similar to ours. Although dynamic SLAM variants
[27,28] handle moving scenes, they typically mask dynamic
objects, which limits reconstruction of those objects. Object-
aware SLAM approaches [29,30] incorporate semantic de-
tection and quadric-based geometry, but still cannot model
object—environment interactions or recover complete object
geometry. Our method advances this line by using 3D Gaus-
sian Splatting to continuously fuse new RGB observations
into a consistent object-centric representation. Unlike prior
work that separates pose estimation from reconstruction,
our framework jointly optimizes 6DoF object poses and
photorealistic geometry, enabling simultaneous tracking and
reconstruction in interactive dynamic scenarios.

3D Reconstruction. Learning-based methods have long
studied 3D reconstruction from 2D images [31-33]. Neural
scene representations such as NeRF [34] and 3DGS [25]
can reconstruct high-quality geometry and appearance from
images, but they typically assume known camera poses.
Pose-free methods [35-37] relax this requirement yet are
mostly designed for static scenes and often break in dynamic-
foreground settings. BundleSDF [9] reconstructs objects with
SDFs using depth acquired from sensors, yet it has limited
ability to model fine-grained appearance; in contrast, our
RGB-supervised 3DGS preserves appearance details more
faithfully. Although feed-forward networks can directly pre-
dict 3D structure, their limited robustness to domain shift, oc-
clusions, and appearance variation makes them substantially
less reliable than optimization-based methods in in-the-wild
settings. Our method unifies both paradigms by using a feed-
forward network to provide geometric priors and performing
online optimization over a 3DGS representation.

III. METHOD
A. Preliminary

Problem Formulation. Given a monocular RGB video se-
quence F = {F;}=} (F; € RW*H*3) depicting a dynamic,
object-centric scene and the first-frame segmentation mask
My, MGS-Track aims to perform online 6DoF pose tracking
while reconstructing a photorealistic textured 3D model of
the object.

Preliminary for 3DGS [25]. As mentioned before, we
use 3D Gaussian Splatting (3DGS) as our basic object
representation. 3DGS provides differentiable real-time ren-
dering through explicit anisotropic 3D Gaussians, making it
suitable as a basic 3D representation for object pose tracking.
Specifically, 3DGS represents a scene as a set of anisotropic
3D Gaussian spheres. Each Gaussian sphere is defined with
a center [i,, a covariance matrix X, a view-dependent color
¢, and a transparency «. For rendering, 3DGS projects all
3D Gaussian spheres into 2D Gaussian distributions through
a differentiable Gaussian Splatting pipeline, and then blends
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Fig. 2: Overview of our proposed MGS-Track. Given a monocular video, we segment the object, initialize a coarse
pose, and use DUSt3R-M to generate object-centric pointmaps as geometric priors. We then perform joint pose and 3DGS
optimization with photometric alignment and confidence-weighted depth consistency, which stabilizes tracking. An adaptive
Gaussian management module with entropy-guided voxel budgets and mask-consistency pruning controls point growth and
keeps the representation compact. The full pipeline runs online for robust 6DoF tracking and high-fidelity reconstruction.

the colors using fast alpha blending. The rendering process
can be summarized as follows:

W=n(T p), ¥=JWSWTJT, (1)

C =Y en Cios [T=) (1 — ), )

where 7 is the projection operation, 7" is the camera pose,
W is the rotational part of T', and J is the Jacobian of .

B. MGS-Track Overview

We propose MGS-Track, an online framework for monoc-
ular 6DoF pose tracking and 3D reconstruction. As shown in
Figure 2, MGS-Track combines object-centric feed-forward
geometry with rendering-based optimization in 3DGS. For
each incoming frame, DUSt3R-M (Section III-C) produces
dense, object-aligned pointmaps that serve as geometric
priors. These priors initialize and update an online 3DGS
representation of the object (Section III-D). We then perform
coarse-to-fine optimization that jointly refines the 3DGS
representation and the object’s 6DoF pose. To keep the
representation compact, we introduce an adaptive Gaussian
management strategy that prunes redundant Gaussians from
the learned object field (Section III-E). Together, these com-
ponents form a streaming loop that enables robust, drift-
resistant 6DoF pose estimation from monocular video.

C. Object-Centric Feed-Forward Reconstruction

Simultaneous online reconstruction and 6DoF pose track-
ing from monocular video is a highly non-convex problem
with many local minima. To stabilize optimization, we first
use a feed-forward reconstruction module to regress dense
pointmaps {x, € R} from the input images and use them
to initialize the Gaussian object field.

While DUSt3R[13] targets static scenes, we introduce
DUSt3R-M to reconstruct dynamic foreground objects.
Given an image pair I; and Iy with corresponding masks
M, and M, the network predicts two pointmaps X' and
Xttt ¢ REXWx3 along with confidence maps C'% ' and
Ct 1t ¢ [0,1]7*W . The first superscript (¢ or ') denotes
the temporal index of the reconstructed surface, while the
concatenation ¢t’ indicates that both frames are provided as
input. The key difference from DUSt3R is that all pointmaps
in DUSt3R-M are expressed in the object coordinate frame
at time ¢, rather than in the camera frame.

Mask Fusion. To focus on masked objects, we augment
DUSt3R’s image encoder with a mask encoder. Using the
same patch-embedding operator ¢(-) as the image branch,
a binary mask M € RHXWXC js embedded into tokens
Zm = ¢(M) that are index-aligned with the image tokens
Z, = ¢(I). Leveraging this alignment, we inject mask cues
into the image features via a multiplicative residual gate that
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emphasizes foreground objects while maintaining stability:

Gate(F,m;g,a) = F ® (14 o(g) am), 3)

where g is a learnable gate parameter, o > 0 controls the
fusion strength, o(-) denotes the sigmoid, and ® indicates
element-wise multiplication. Across the multi-stage decoder,
we insert this gate to progressively strengthen mask cues,
sharpening spatial focus while, as much as possible, pre-
serving the optimization geometry imparted by the pretrained
model.

Loss. Following DUSt3R, our first training objective is 3D
point regression. From the ground-truth depth map D and
intrinsics K, we back-project valid pixels ¢ € Vv € {1,2}
to obtain the ground-truth pointmap X; = D(i) K~! in 3D,
and supervise the prediction x,, with a Euclidean loss.

gregr(%i) = HX;)71 - X;))l 4

To suppress erroneous registration and background predic-
tions, we introduce a confidence-based loss with two com-
ponents: within the object mask, we compute a confidence-
weighted regression loss over all valid pixels; outside the
mask, we penalize predicted confidence.

2. > (@

ve{1,2} ieVY

+ Z alog CI,

i€y

conf

lregr(v,1) — alog C}” )
(5)

where C"" denotes the confidence of pixel 7 in the pointmap
of view v, and « is the weighting coefficient.

Optimization. We construct a pairwise graph H whose
nodes £ represent video frames and whose edges e corre-
spond to image pairs. Unlike DUSt3R, we implement this
graph in a streaming fashion: for each newly arriving frame,
we form pairs only with historical keyframes and feed these
pairs to DUSt3R-M to obtain pointmaps X;"°, X" and
confidence maps C;"°, C"¢ via feed-forward reconstruction.

Following 6DOPEGS[38], we cluster camera poses by
quantizing viewing directions to the vertices of an icosa-
hedron on the unit sphere. Around each vertex, we select
the frame with the lowest tracking loss, which is the one
most aligned with the current global reconstruction, as the
historical keyframe. We pair each selected keyframe with
the current frame to form image pairs, which avoids all-
to-all computation while providing broad, well-distributed
viewpoint coverage for reliable reconstruction.

Finally, we align all pairs to a common coordinate system
by introducing a pairwise pose P. € R3*4 and a scale factor
o for each image pair. We then jointly optimize the pairwise
poses, scale parameters, and node pointmaps by minimizing
Eq. (6), yielding a globally consistent reconstruction.

argmlnz Z ZCue | X — Poo X" (6)

X,Po ecHveE, i=1

where (h,w) is the image size and &, the nodes of edge e.

D. Gaussian Splatting Guided Pose Optimization

Although DUSt3R-M can produce object poses, its

feed-forward nature introduces non-negligible errors across
scenes. Following BundleSDF [9], we maintain an online
3D representation and use differentiable 3DGS rendering to
back-propagate reconstruction losses to the pose, yielding
an optimization-based tracker. We implement a coarse-to-
fine online reconstruction and pose tracking module, termed
Online 3DGS Representation, comprising:
Coarse pose initialization. Feed-forward reconstructions at
small baselines exhibit orientation bias. During tracking, we
initialize the object pose by aligning the current image to
the 3DGS. Concretely, we set P, < P._1, freeze all 3DGS
parameters G;_1, and minimize the reconstruction loss in
Eq. (7) while updating only the pose parameters, yielding a
coarse estimate for frame ¢.

ﬁtmckmg Z ||R
‘Q| PEN

where R(-) denotes the 3DGS-rendered RGB under pose P,
I(-) is the observed RGB, and (2 is the set of object pixels.
Joint optimization of pose and 3DGS. Given the coarse
pose from Section III-D and the geometric prior from Sec-
tion III-C, we perform online joint optimization of the pose
and 3DGS by minimizing a unified objective:

—1(p)|?, ©)

Ljomt - pho[ﬁtrdckmg + )\depth |Q‘ Z Ct |Z ‘ (8)

PEQ

where Z(-) is the 3DGS-rendered depth, D(-) is the prior
depth from the geometric graph, and C;, denotes the per-pixel
confidence at pixel p of frame ¢ provided by the geometric
prior module (Section III-C); it down-weights unreliable or
occluded pixels in the depth term. This objective combines
a photometric rendering loss for appearance alignment with
a depth-consistency term that enforces agreement between
the rendered depth and the reconstructed geometry, thereby
enabling object pose tracking while updating the 3DGS
representation online.

E. Adaptive Gaussians Management

For online pose tracking, we formulate object reconstruc-
tion as a continuous process that incorporates new views
while maintaining a compact representation. To mitigate
point-count inflation arising from repeated insertions and
allocate limited computational and memory resources to
information-dense regions, we propose an adaptive Gaussian
management pipeline consisting of two coordinated compo-
nents: (i) an entropy-driven capacity-aware selection during
Gaussian insertion, and (ii) a lightweight mask-consistency
pruning step that eliminates spurious Gaussians resulting
from imperfect geometry priors.

Capacity-aware selection We discretize the space into vox-
els of edge length vy, and compute a voxel index for each
3D location. For each frame Fj, the image is partitioned
once into a G x G grid (G=128), and a per-cell Shannon
entropy H(®) (r, ¢) is computed from the grayscale histogram.
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Fig. 3: Qualitative Comparison of MGS-Track and Baselines on HO3D. Left: tracking results over time on a hand-
object sequence (rows: GT, MonoGS*, BundleSDF*, Ours). Poses are visualized by projecting the object frame as colored
axes (R/G/B = x/y/z); the contour of the ground-truth pose projection is overlaid as a thin outline for reference. Right:
reconstruction quality from two novel views (Front/Back) and the extracted Mesh.

Using the camera intrinsics K; and extrinsics [Rt | tt} , each
voxel center c; ; is projected to pixel coordinates (u,v)
and mapped to the grid cell(r;, ¢;) = (| % G|, | % G]) for
visible, in-bounds projections. We then define the entropy of
voxel (i, ,k) at time ¢ as H" (ry, ;).

We maintain a Per voxel entropy table by updating the
previous values E;,~ with a max-pool over the grid-cell
entropies H®)(r,, ct) yielding Ef ;. the allowed capacity
for voxel (7,7, k) is

E(t) ”
Nbdse +A Nbdse E(t) (9)

max

Nmax(i7 j? k)
where Eﬁlgx = max, ;i E() When the candidates in a
voxel exceed this budget, we retam the top N,,q.Gaussians
ranked by equation as follows,

S; = aopacity; + 8/(||sill2 + 9), (10)

the opacity term promotes components that contribute most
to the rendered appearance, while the inverse-scale term
penalizes overly large (over-blurring) Gaussians, keeping
the model compact and concentrating capacity in high-
information regions.

Mask-consistency pruning. To mitigate geometric inaccu-
racies in the initial pointmaps, we apply a lightweight mask-
based pruning strategy inspired by [39]. After each training
round on F}, we sample a few reference frames from the past
and remove any newly added Gaussians whose projections
fall outside the object mask in any selected reference frame.
This step filters out outliers introduced by noisy priors
without affecting well-supported Gaussians.

IV. EXPERIMENTS
A. Experimental Setup

Training data. Following DUSt3R [13], we continue train-
ing our model on a mixture of three object-centric datasets,
including CO3Dv2[40], Wild6D[41], and WildRGBD[42], to
improve performance in this regime. We construct image
pairs using the same sampling protocol as DUSt3R, with
one change to background handling: instead of replacing
the background with random colors, we provide the instance
mask as an auxiliary input channel.

Datasets. We evaluate our approach on two public, object-
centric datasets: HO3D [16] and YCBInEOAT [15]. HO3D
contains hand—object interaction sequences with frequent
and severe occlusions; following prior practice, we use
RGB frames and adopt the object masks provided by
BundleSDF [9]. YCBInEOAT provides monocular videos of
everyday objects undergoing active manipulation; for this
benchmark, we initialize the first frame with a Segment
Anything (SAM) mask and obtain subsequent masks using
the video segmentation network XMem [43].

Baselines. For a comprehensive evaluation, we compare our
method against three families of baselines on the task of
online 6DoF pose estimation for unseen objects from monoc-
ular video streams. (i) Monocular SLAM-based methods:
DROID-SLAM [44] and MonoGS [39], augmented with
monocular depth priors predicted by DepthAnythingV2 [12],
which is executed independently as an external module.
(ii) Pose-tracking pipelines: BundleSDF [9] combined with
DepthAnythingV2 to enable depth-guided monocular track-
ing, under the same external-prior augmentation protocol
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Method ADD-S(%)[0-0.1]Jm 71 ADD(%)[0-0.1]lm 1
AP MPM SB SM Avg AP MPM SB SM Avg
DROID-SLAM [44] 9.17 6.65 0.28 9.32 6.36 3.14 2.38 17.28 4.39 6.80
StreamVGGT [45] 16.27 23.13 13.82 28.12 20.34 7.96 15.43 4.06 11.70 9.79
MonoGS™* [39] 12.03 22.37 15.72 19.17 17.32 4.32 9.91 5.66 9.39 7.32
BundleSDF* [9] 40.72 45.95 38.52 66.15 47.84 5.19 13.61 27.51 20.95 16.82
MGS-Track 56.07 40.95 49.67 70.03 54.18 31.07 23.85 2941 50.42 33.69
Method PSNR 1 SSIM 1 Reconstruction CD (cm) |
AP MPM SB SM Avg AP MPM SB SM Avg AP MPM SB SM Avg
DROID-SLAM [44] — — — — — — — — — — | 110.33 99.80 81.86 100.87 98.22
StreamVGGT [45] — — — — — — — — — — 27.13 1444 4329 19.82 26.17
MonoGS™* [39] 18.57 20.13 17.89 20.50 19.27 | 0.84 0.86 0.83 086 0.85| 25.14 1649 1423 1040 16.57
BundleSDF* [9] 19.85 2091 1732 19.87 1949 | 090 091 0.84 0.80 0.86 5.22 495 8.74 1.61 5.13
MGS-Track 26.81 2420 2520 27.04 2581|097 096 095 097 096 | 4.97 628  7.94 1.60 5.20

TABLE I: Quantitative comparison on the HO3D dataset. We compare our method with baselines to evaluate reconstruction
and tracking performance. MonoGS* and BundleSDF* denote the versions of MonoGS and BundleSDF augmented with

geometric priors, respectively.

adopted for the SLAM-based baselines. (iii) Feed-forward
3D predictors: methods from the DUSt3R-family [13,46]
and VGGT-family [14,45] lines of work, adapted to the
6DoF pose estimation setting. To align with the streaming-
input setting, we adopt StreamVGGT [45] as the representa-
tive VGGT-family baseline. An asterisk (¥) denotes variants
augmented with external priors.

Metrics. We evaluate performance in terms of both pose
tracking and reconstruction quality. For 6DoF object poses,
we report the area under the ADD and ADD-S curves within
a threshold range of 0-0.1 m, using ground-truth object ge-
ometries for metric computation [3, 47]. For reconstruction,
we evaluate appearance fidelity using PSNR and SSIM [48],
and geometric accuracy using the Chamfer Distance be-
tween reconstructed meshes and the corresponding first-
frame ground-truth meshes [9].

B. Implementation Details

For training, we curate 0.8M image pairs from CO3D [40],
WildéD [41], and WildRGBD [42]. We first freeze all
DUSt3R parameters and train only the Mask Encoder. After
10 epochs, we unfreeze the full network and continue train-
ing for an additional 15 epochs to obtain the final model.
At inference time, for each video frame, we use object
segmentation to rescale and crop the image, so as to focus
computation on the target object. Following 3DGS [25],
we implement time-critical rasterization and gradient com-
putation in CUDA. The coarse optimization stage runs for
300 iterations, followed by 125 pose-refinement iterations
per frame after pose estimation. Training is conducted on
4x NVIDIA H20 GPUs, and inference is performed on an
NVIDIA GeForce RTX 4090.

C. Results on the HO3D Dataset

As summarized in Table I, our method outperforms all
baselines on HO3D in both 6DoF pose tracking and 3D
reconstruction. In particular, it achieves consistently stronger

overall performance on pose metrics (ADD / ADD-S) while
also improving reconstruction quality in terms of appearance
fidelity and geometric accuracy. DROID-SLAM performs
poorly under object-centric crops. StreamVGGT supports
end-to-end reconstruction but yields limited performance in
the same setting. MonoGS provides comparatively strong ap-
pearance reconstruction, yet its pose tracking remains weaker
and degrades under large, fast object motions. BundleSDF
shows stronger geometric tracking and recovers coarse object
geometry with monocular depth priors, but its appearance
reconstruction quality remains limited.

Figure 3 presents qualitative comparisons. Across chal-
lenging real-world scenarios, including severe hand oc-
clusions, self-occlusions, texture-poor frames, and specular
highlights, our method maintains stable 6DoF pose tracking
and reconstructs high-fidelity object appearance. In addition,
because our method directly models the observed object
instance, the recovered textures and colors more closely
match the in-scene object than the scan-based reference
models in several cases.

D. Results on the YCBInEOAT Dataset

Method | ADD-S + ADDT PSNRT SSIM*
MonoGS [39] 5.28 1.62  20.19 0.0
DROID-SLAM [44] 0.94 0.23 — —
BundleSDF* [9] 41.59 1732 1920  0.89
MGS-Track 40.36 19.79 2422 094

TABLE II: Quantitative comparison on the YCBInEOAT

The quantitative results on YCBInEOAT (Table II) indicate
that our method is well suited to robot-manipulation scenar-
ios characterized by severe occlusions, large inter-frame mo-
tions, and small object footprints in the image. Under these
conditions, StreamVGGT, which relies on black-background
masking, performs poorly because background removal
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Method ADD-S% ADD% PSNR 1T SSIM 1
w/o DUST3R-M 35.36 19.73 23.54 0.95
w/o Graph Optimization 56.31 35.16 22.21 0.96
w/o Coarse Pose 67.74 4431 26.12 0.97
w/o Joint Optimization 64.23 42.19 24.59 0.95
Ours 70.03 50.42 26.81 0.97
Method ‘ ADD-S% ADD% Point numbers Time

w/o Adaptive Gaussians | 66.26 45.55 268611 3h 8min

Ours 70.03 50.42 182655 1h 48min

TABLE III: Ablation studies of the proposed method.

w/o Gaussian pruning w Gaussian pruhing

Fig. 4: Impact of our Gaussian pruning strategy on recon-
struction quality. The proposed strategy improves geometric
accuracy and effectively removes floaters.

leaves insufficient usable visual signal, while MonoGS fails
to maintain reliable tracking under large motions. Compared
with the prior-enhanced BundleSDF baseline, our method
achieves higher ADD accuracy (with slightly lower ADD-S)
and, importantly, substantially better reconstruction quality.

E. Ablation Study

We conduct ablation studies on the SB13 sequence of
HO3D to evaluate the contribution of each component in our
pipeline. Quantitative results are summarized in Table III,
and qualitative effects of Gaussian pruning are shown in
Figure 4, together providing a consistent view of accuracy,
reconstruction quality, and efficiency.

Object-Centric Feed-Forward Reconstruction. Replacing
DUSt3R-M with vanilla DUSt3R substantially degrades both
pose tracking and reconstruction quality, with ADD-S drop-
ping by about half and ADD showing a similarly large de-
cline. Disabling graph-based post-processing further reduces
performance, indicating stronger temporal error accumula-
tion in sequential prediction.

Gaussian Splatting Guided Pose Optimization. Removing
the coarse-pose initialization stage degrades pose tracking
and reconstruction quality. Further removing joint optimiza-
tion of pose and the Gaussian representation leads to an
additional performance drop, highlighting the benefit of
jointly optimizing geometry and camera pose during online
reconstruction and refinement.

Adaptive Gaussian Management. Disabling adaptive Gaus-
sian management increases the number of Gaussians and
runtime substantially, while also reducing pose accuracy. As
shown in Figure 4, the pruning strategy further improves
reconstruction quality by suppressing floaters, yielding a
better efficiency—quality trade-off and cleaner object-centric
reconstructions.

V. CONCLUSION

We address online 6DoF pose tracking and photoreal-
istic 3D reconstruction of previously unseen objects from
monocular RGB video. Our framework, MGS-Track, unifies
object-centric feed-forward geometric priors with rendering-
based optimization in 3D Gaussian Splatting. A mask-
augmented DUSt3R variant (DUSt3R-M) predicts object-
aligned pointmaps and confidences that initialize and guide
a streaming pairwise graph, while an online 3DGS represen-
tation jointly refines pose and appearance through coarse-
to-fine optimization with photometric and depth-consistency
objectives. To control model growth and allocate capacity to
informative regions, we further introduce adaptive Gaussian
management, constrained by voxel entropy, to regulate in-
sertion and pruning using confidence-based ranking. Exper-
iments on HO3D and YCBINEOAT show that MGS-Track
consistently delivers robust, drift-resistant pose tracking and
faithful appearance reconstruction under challenging object-
centric conditions, including severe occlusions, rapid mo-
tions, and imperfect initial geometry.
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