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Fig. 1: Rendering results on three datasets. Our method produces high-fidelity reconstructions on both indoor and outdoor
benchmarks, outperforming state-of-the-art monocular 3DGS-based SLAM methods.

Abstract— SLAM methods based on 3D Gaussian Splatting
(3DGS) have demonstrated impressive tracking and mapping
performance, but typically require additional geometric infor-
mation from external depth sensors. Meanwhile, recent SLAM
systems that leverage geometric priors from pre-trained feed-
forward models enable real-time dense reconstruction, yet often
discard original RGB information during optimization, thus
degrading overall reconstruction quality. We present GeoGS-
SLAM, an online monocular dense reconstruction system that
combines the 3DGS-based map representation with learned ge-
ometric priors. Given uncalibrated RGB input, we first employ
a feed-forward visual geometry model to predict camera and
scene priors. The Gaussian scene map is then expanded by di-
rectly sampling Gaussian primitives from both RGB input and
geometric priors. Camera poses and the scene map are jointly
optimized through a coarse-to-fine strategy that minimizes both
photometric and geometric losses. To ensure global consistency,
we further incorporate online loop closure detection and pose
graph optimization. Extensive experiments across indoor and
outdoor benchmarks demonstrate that GeoGS-SLAM achieves
superior rendering quality and tracking accuracy compared
to state-of-the-art methods while maintaining online real-time
performance. Project page: https://rlgao.github.io/
geogs_slam.
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I. INTRODUCTION

Simultaneous localization and mapping (SLAM) is a core
problem in computer vision, serving as the foundation for
applications ranging from robotics and autonomous driving
to augmented reality systems. Recent advances in SLAM
have been propelled by two complementary breakthroughs
in view synthesis and 3D reconstruction: radiance field
rendering [1] and feed-forward scene reconstruction [2].

The advent of neural radiance field (NeRF) [3] and 3D
Gaussian Splatting (3DGS) [4] has fundamentally trans-
formed scene representations in SLAM systems. In par-
ticular, 3DGS employs differentiable rasterization of 3D
Gaussians to achieve efficient, photorealistic rendering, and
has been shown to support high-quality tracking and mapping
in SLAM [5], [6]. However, existing 3DGS-based SLAM
systems predominantly rely on external geometric measure-
ments from depth sensors and exhibit degraded performance
when constrained to RGB-only input [7].

More recently, feed-forward models such as DUSt3R [8]
and VGGT [9] have revolutionized 3D scene reconstruction
through Transformer-based architectures trained at scale. A
growing number of SLAM systems now leverage geometric
priors from these powerful models to achieve real-time
pose estimation and dense scene reconstruction [10], [11].
However, these methods typically treat the learned priors
as the primary optimization signal while excluding original
RGB observations from the optimization loop. For example,
VGGT-SLAM [12] relies on the alignment of point map
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priors predicted by VGGT. This limitation of discarding
photometric information prevents closed-loop verification
against visual evidence, potentially degrading reconstruction
fidelity and consistency.

In this paper we present GeoGS-SLAM, an online monoc-
ular dense reconstruction system that synergistically com-
bines 3DGS-based map representation with learned geo-
metric priors. The key idea is to construct a closed-loop
reconstruction pipeline that leverages feed-forward priors
for geometric bootstrapping while preserving original RGB
evidence for radiance field rendering-based optimization.

Our approach begins by employing a pre-trained visual
geometry model to predict camera intrinsics and extrinsics,
depth maps, and point maps from uncalibrated RGB input.
Followed by scale alignment, these priors provide robust
multi-view geometric guidance. We then directly sample
Gaussian primitives from both images and geometric priors
to expand the 3D Gaussian scene map. The map and camera
poses are jointly refined through a coarse-to-fine, rendering-
based optimization that minimizes both photometric and
geometric losses. To ensure global consistency, we further
integrate online loop closure detection and pose graph opti-
mization.

Comprehensive experiments across indoor and outdoor
benchmarks, including Replica [13], TUM RGB-D [14]
and Waymo [15], demonstrate that GeoGS-SLAM achieves
superior rendering quality and tracking accuracy compared
to state-of-the-art (SOTA) monocular SLAM methods while
maintaining online real-time performance.

The main contributions of our work are:

o We propose GeoGS-SLAM, a novel RGB-only SLAM
system that integrates 3D Gaussian Splatting with feed-
forward geometric priors in a unified closed-loop recon-
struction pipeline, achieving robust tracking and high-
fidelity mapping.

o We leverage efficient modules, including direct primi-
tive sampling, rendering-based joint optimization, and
online loop closure to enable accurate pose estimation
and photorealistic reconstruction with real-time process-
ing capabilities.

« We provide extensive experimental validation across
indoor and outdoor benchmarks, demonstrating the su-
perior performance of our approach compared to SOTA
monocular SLAM methods in tracking accuracy and
rendering quality.

II. RELATED WORK
A. Classical Visual SLAM

Early visual SLAM methods mainly employ feature-based
pipelines. PTAM [16] introduces the first parallelized track-
ing and mapping framework, using sparse feature corre-
spondences and bundle adjustment (BA) to produce accurate
trajectories and sparse 3D maps. ORB-SLAM [17] and its
successors [18], [19] extend this paradigm with efficient
feature extraction, loop closure detection, and pose graph
optimization to reduce drift and maintain long-term consis-
tency.

In contrast to feature-based approaches, direct methods
such as LSD-SLAM [20] and DSO [21] operate directly
on pixel intensities rather than extracted keypoints, offering
enhanced robustness in texture-poor scenes at the cost of
increased photometric sensitivity. Dense SLAM methods,
often incorporating multi-sensor configurations (stereo or
RGB-D), enable richer scene reconstruction, producing dense
maps suitable for interaction and navigation [22], [23].

Nonetheless, sparse feature-based methods provide robust
tracking but only sparse geometry, while dense methods yield
richer maps yet are photometrically sensitive and computa-
tionally expensive. These limitations have motivated recent
efforts to integrate photorealistic rendering or learned priors
into SLAM frameworks.

B. Radiance Field-based SLAM

Scene representations in SLAM systems have undergone
a paradigm shift with the emergence of NeRF [3], [24],
[25]. iMAP [26] has pioneered the integration of neural
implicit representations into SLAM, utilizing multilayer per-
ceptrons (MLPs) to encode both geometry and appearance
within a unified framework. NICE-SLAM [27] and Vox-
Fusion [28] further extend this paradigm by incorporating
hierarchical feature grids and voxel-based neural implicit
surface representations to enhance reconstruction quality and
computational efficiency.

More recently, 3DGS [4] has emerged as a compelling
alternative to NeRF-based representations, offering real-time
rendering through differentiable rasterization of 3D Gaus-
sians [29], [30], [31]. Pioneering methods such as MonoGS
[5] and SplaTAM [6] demonstrate the successful integration
of 3DGS as the sole scene representation for SLAM, achiev-
ing robust frame-to-model tracking and mapping through
joint optimization of camera poses and Gaussian primitives.
Other approaches, including Photo-SLAM [32], incorporate
separate tracking modules to improve pose estimation accu-
racy. Recent works have focused on extending 3DGS-based
SLAM to large-scale outdoor environments [7], [33], [34].

However, most existing radiance field-based SLAM sys-
tems rely heavily on depth measurements from RGB-D
sensors, limiting their applicability in scenarios where only
monocular RGB input is available. Therefore, we leverage
pre-trained geometric priors to enable robust bootstrapping
and optimization of 3DGS-based SLAM systems operating
on uncalibrated RGB-only input.

C. Geometric Prior-based SLAM

The recent advancement of feed-forward reconstruction
models [8], [9], [35], [36] has introduced a novel paradigm
in SLAM through learned geometric priors, enabling dense
reconstruction without relying on traditional geometric
pipelines. MASt3R-SLAM [10] leverages MASt3R-predicted
point maps and matching features [35] to construct a real-
time dense monocular SLAM system, achieving globally
consistent pose estimation and dense reconstruction. Simi-
larly, SLAM3R [11] is built upon DUSt3R [8], utilizing the
Image-to-Points (I2P) and Local-to-World (L2W) modules to
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establish an end-to-end dense reconstruction framework. In
contrast to these two-view prior-based approaches, VGGT-
SLAM [12] leverages the more powerful VGGT architecture
[9], employing point map alignment strategies for dense RGB
SLAM.

However, these geometric prior-based SLAM methods
predominantly use the learned priors as the primary opti-
mization signal, where original RGB observations are often
discarded. This limitation prevents closed-loop verification
against photometric evidence and can compromise recon-
struction quality. Therefore, we integrate geometric priors
with photorealistic rendering-based optimization to achieve
both accurate tracking and high-fidelity reconstruction.

I1I. METHOD

GeoGS-SLAM integrates 3D Gaussian Splatting with
learned geometric priors in a unified framework for monoc-
ular dense reconstruction, as illustrated in Fig. 2.

Our approach consists of four core components: Geometric
Prior Prediction (Sec. 11I-B) leverages a pre-trained model
to produce priors of camera parameters and scene geometry
from RGB keyframes; Map Expansion (Sec. I1I-C) updates
the Gaussian map through direct primitive sampling; Joint
Optimization (Sec. I1I-D) refines both the map and poses via
rendering-based photometric and geometric loss minimiza-
tion; and Online Loop Closure (Sec. III-E) with pose graph
optimization further ensures global consistency.

A. 3DGS Scene Representation

We employ 3DGS as the scene representation, where
each anisotropic Gaussian primitive G; (¢ = 1,...,N) is
parameterized by the following properties: position p; € R3,
color ¢c; € R3, scale S; = diag(s;) € R®*3, rotation
R, € R3*3, and opacity o; € [0, 1]. The covariance matrix
3}, defining the ellipsoidal shape is computed as

2 =R;S;S/R/. (1)

To render color and depth images from a given world-to-

IO{ ; € SE(3), the 3D Gaussians are

first projected onto the image plane, with each splatted 2D
Gaussian G!(u},X!) obtained via

camera pose T =

Wi =Ry, +t), =) = IRERTIT, @

where (-) denotes the projection operation, and J is the
Jacobian of the affine approximation of the projective trans-
formation.

The final color and depth at pixel x’ can be rendered
through a-blending of the depth-sorted Gaussians, given by

N i—1 N i—1
C = Z C;(; n(l — Oéj), D= Z diOzi n(l — Oéj), (3)
i=1 j=1 i=1 j=1

where the opacity weight «; for each Gaussian is computed
via

1 _
o = oo (5 )T () )

B. Geometric Prior Prediction

We leverage the visual geometry model VGGT [9] for
geometric prior prediction, which processes image sets of
arbitrary length and predicts comprehensive 3D attributes in
a single forward pass. This choice addresses the limitations
of earlier two-view models like DUSt3R [8] and MASt3R
[35], which are constrained to pairwise inference and thus
limit multi-view consistency.

Similar to VGGT-SLAM [12], we employ a sliding win-
dow strategy to organize keyframes for multi-view predic-
tion. An uncalibrated RGB frame is selected as a keyframe
and added to the active sliding window if its optical flow-
based relative displacement from the last keyframe exceeds
a predefined threshold 7gis,. The initial window W' accumu-
lates keyframes I},...,I. until reaching the fixed window
size w. For subsequent windows W* (k > 1), we use the last
keyframe from the previous window as the first keyframe,
ie, IF"1 = Ik and add new keyframes I¥,... I¥ until
it contains w + 1 frames in total. This overlapping design
facilitates scale alignment between consecutive windows, as
discussed below.

Each window W* containing keyframes I?
(¢ = 0,...,w) is processed by the pre-trained model to
generate predictions F (VY"'), including camera extrinsics
Tk € SE(3), intrinsics KF € R3*3, depth maps DF €
RW>H " and corresponding confidence maps Qf e RWxH,
To obtain point maps X¥ e RW*H*3 expressed in each
keyframe’s coordinate system, we unproject the depth maps
to 3D using the predicted camera parameters rather than
employing direct point map regression through the DPT
head, as this approach yields better accuracy according to
the original findings [9].

We align the scale of current predictions F(W*) with
previous ones F(W*~1) using the mutual keyframe I¥~1 =
I%. For each pixel (u,v) where both predictions exhibit high
confidence (i.e., Q"1 (u,v) > Teon and Q’g(uw) > Teont)s
we compute the scale factor pj_1 ; by

1
Pk—1,k = M Z

(u,v)eV

= RWXHXS

Rows]
R

where V denotes the set of valid high-confidence pixels.
This scale factor is applied to adjust all metric predic-
tions in F(W*), including translational components th of
camera poses T%, depth maps D¥, and point maps X¥
(¢ = 0,...,w), thereby ensuring scale consistency across
all geometric priors.

C. Map Expansion

We leverage a direct sampling strategy to generate new
Gaussian primitives from both input images and predicted
geometric priors, inspired by recent work [37]. This approach
enables map expansion while avoiding redundant primitive
placement through a two-stage probability assessment. To
determine optimal locations for new Gaussian primitives, we
utilize the Difference of Gaussians (DoG) operator [38] to
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Fig. 2: Overview of GeoGS-SLAM. (a) Given uncalibrated RGB input, the system first selects keyframes and performs
Geometric Prior Prediction, producing camera and scene priors using a pre-trained visual geometry model. (b) Map Expansion
directly samples Gaussian primitives from both input images and geometric priors to update the map. (c) The map and
camera poses are refined through rendering-based Joint Optimization that minimizes both photometric and geometric losses.
(d) Online Loop Closure followed by pose graph optimization is integrated to further enhance global consistency.

identify regions with rich geometric detail. The probability
matrix P; € RW>*# for primitive placement at each pixel in
image I is computed as

P, = H((I)Gl - (1)02) * IH ’ (6)
where ®, denotes a Gaussian kernel with zero mean and
standard deviation o, and we set o1 = 0.5,09 = 1.5.

To prevent redundant primitive placement in already well-
represented regions, we render a synthetic view I using the
current 3D Gaussian map from the predicted camera pose,
and compute a corresponding occupancy probability P,
using the same DoG operator as in Eq. (6). A new Gaussian
primitive can be spawned at pixel (u,v) only when the
difference between placement and occupancy probabilities
exceeds threshold Tpim, i.e., P1(u,v) — Pa(u, v) > Tprim.

For each qualified pixel (u,v), we initialize the new
Gaussian primitive by combining information from both the
input image and geometric priors. The color c is directly
sampled from the corresponding pixel value I(u,v). The
3D position p is obtained from the point prior X(u,v)
transformed to the world coordinate system. The scale s for
each dimension is computed based on the predicted focal
length f from intrinsics K and the point position X (u,v) in
the camera coordinate system, as given by

[Rw ]
f

s = + €, @)

where € is a constant.

D. Joint Optimization

Following Gaussian primitive expansion from the current
keyframe, we perform online joint optimization of both the
scene map G and camera poses within the active keyframe
window W by minimizing a combination of photometric
and geometric losses. The photometric loss Ly, enforces
visual consistency between rendered and observed images
by combining L1 and SSIM losses [39], as computed by

Lono = HT _ IH1 ¥ Assiv (1 —ssmm(i, I)) o ®

where 1 represents the rendered image and I denotes the
input ground truth.

The geometric loss E%eo maintains consistency betwegn
the rendered depth map D and the predicted depth prior D,
as obtained by

Loo=|D-D| . )

The complete optimization objective combines photomet-
ric and geometric terms across all keyframes in the active
window, which is formulated as

(ﬁpho,i + Ageoﬁgeo,i) .

min

(10
G.AT:} Lew

To accelerate convergence and improve optimization sta-
bility, we employ a coarse-to-fine training strategy [32].
We construct n-level image pyramids for both the input
image and prior depth map of each keyframe, where level [
corresponds to the image or depth map downsampled by a
factor of 2!. Optimization begins at the coarsest level using
downsampled images and depth maps as the photometric
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and geometric supervision signals, respectively, then progres-
sively decreasing the pyramid level at fixed iteration inter-
vals until reaching the original full resolution. This multi-
scale training approach enables rapid initial convergence
while preserving fine-grained details in the final optimization
stages.

E. Online Loop Closure

To mitigate accumulated drift and ensure global consis-
tency, we incorporate online loop closure detection with pose
graph optimization.

We first extract a global descriptor d € R844® for each
keyframe using the pre-trained MegalLoc model [40], which
provides robust place recognition capability. For a query
keyframe Iguery, loop closure detection proceeds by iden-
tifying the most similar keyframe candidate Iiand from all
previous windows based on the cosine similarity between
the global descriptors, as obtained via

I,.4= argmax cos <d(I§ue‘y),d(Iz)) .
Lewi,Vj<k

(1)

To prevent false positive detections, the candidate is val-
idated as a genuine loop frame Ifoop only if the similarity
score exceeds a predefined threshold 7y, as given by

Lo {Igand, i €08 (AT y)s d(Thang)) > Toims
oop

query) ’ (12)

null, otherwise.

Upon detecting valid loop closures, we extend the active
window to include all detected loop frames, as obtained via

W=, T oIl T (13)

loop,1° loop,m

This extended window is processed by the feed-forward
geometry model to obtain relative pose estimates between
query frames in Wk and corresponding loop frames from
previous windows W' ... W!m  After scale alignment,
these pose estimates serve as loop closure constraints in the
pose graph, complementing the odometry constraints derived
from locally optimized keyframe poses. Then the complete

pose graph is optimized using the Levenberg-Marquardt

algorithm, yielding pose correction AT; = A(lf ‘ Alti]

for each keyframe I,.

Finally, we apply these pose corrections to update both
keyframe poses and the associated Gaussian primitives, as
given by

T, = AT, T;,

(14)
5)

where G; is a primitive originally spawned by keyframe I;.

IV. EXPERIMENTS
A. Experimental Setup

i) Datasets. We conduct experiments across indoor and
outdoor benchmarks, including Replica [13], TUM RGB-
D [14] and Waymo [15]. Specifically, we use the Office
and Room sequences from Replica, the frl sequences

from TUM RGB-D, and nine 200-frame sequences from
Waymo. Results presented below are averaged across se-
quences within each respective dataset.

i) Metrics. We use PSNR, SSIM [39] and LPIPS [41]
for rendering quality evaluation, and the RMSE of ATE for
tracking accuracy assessment.

iii) Baseline Methods. For rendering quality evaluation,
our method is compared against SOTA radiance field-based
SLAM methods operating on monocular RGB input, includ-
ing neural implicit representation-based approaches (GO-
SLAM [42], GIORIE-SLAM [43]) and 3DGS-based meth-
ods (MonoGS [5], Photo-SLAM [32], Splat-SLAM [44],
DROID-Splat [45], S3PO-GS [34]). For tracking accuracy
assessment, we additionally compare against geometric prior-
based SLAM methods (SLAM3R [11], MASt3R-SLAM
[10], VGGT-SLAM [12]).

iv) Implementation Details. Our method is implemented
using PyTorch and CUDA. All experiments are conducted
on a desktop with an NVIDIA RTX 4090 GPU and an Intel
Core 19-13900K CPU.

B. Results

i) Rendering Quality. Tab. I presents rendering quality
comparisons across all evaluated datasets, showing that our
method achieves SOTA performance across all metrics and
benchmarks. Compared to current best radiance field-based
monocular SLAM methods, our method delivers substantial
improvements in PSNR: +4.94 on Replica, +3.15 on TUM
RGB-D, and +3.81 on Waymo.

Fig. 3 provides qualitative comparisons across representa-
tive scenes from all three datasets. For indoor environments
(Replica and TUM RGB-D), our method produces detailed
reconstructions that accurately capture fine-grained textures,
lighting variations, and geometric structures. For complex
outdoor scenarios (Waymo), our method successfully han-
dles challenging conditions including varying illumination,
dynamic content, and large-scale environments, showcasing
its scalability to real-world autonomous driving applications.

These results demonstrate the substantial benefits of in-
tegrating learned geometric priors into 3DGS-based SLAM
frameworks.

ii) Tracking Accuracy. Tab. II presents tracking results
across the datasets, with the comparison of estimated trajec-
tories shown in Fig. 4. Our method achieves SOTA tracking
performance compared to methods operating on uncalibrated
RGB input, while maintaining competitive accuracy against
approaches that leverage calibrated camera parameters.

Specifically, our method outperforms the best-performing
geometric prior-based SLAM method, MASt3R-SLAM, re-
ducing tracking error by 46.7% on Replica, 40.7% on
TUM RGB-D, and 64.6% on Waymo. While these methods,
like MASt3R-SLAM and VGGT-SLAM, achieve reasonable
initial pose estimates through learned priors, they fail to
refine these estimates against actual image evidence. This
limitation leads to accumulated drift and reduced accuracy
over extended sequences and large-scale environments with
greater scene complexity.
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TABLE I: Rendering quality comparison across three datasets. Best results are highlighted in bold. Our method
demonstrates superior rendering performance compared to both neural implicit representation-based approaches (NI) and
3DGS-based methods (GS) across all indoor and outdoor benchmarks.

Method Replica TUM RGB-D Waymo
PSNR? SSIM? LPIPS| | PSNR? SSIM? LPIPS| | PSNR? SSIM? LPIPS|
NI GO-SLAM [42] 24.20 0.935 0.462 12.59 0.601 0.727 9.72 0.109 0.812
GIORIE-SLAM [43] 24.73 0.911 0.171 17.20 0.725 0.384 23.90 0.892 0.247
MonoGS [5] 26.77 0.848 0.281 15.27 0.534 0.575 16.60 0.649 0.655
Photo-SLAM [32] 32.62 0.917 0.162 16.46 0.593 0.471 19.86 0.767 0.595
GS Splat-SLAM [44] 31.86 0.906 0.133 20.87 0.700 0.370 25.10 0.773 0.349
DROID-Splat [45] 29.96 0.882 0.227 19.80 0.685 0.397 22.84 0.737 0.350
S3PO-GS [34] 29.94 0.892 0.199 18.00 0.627 0.442 21.82 0.798 0.471
GeoGS-SLAM (Ours) 37.56 0.968 0.039 24.02 0.797 0.220 28.91 0.900 0.135

@

{
-

TUM RGB-D

Waymo

GIORIE-SLAM MonoGS Photo-SLAM
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Fig. 3: Comparison of rendering results. Our method produces photorealistic reconstructions for both indoor and outdoor
scenes. For indoor environments, it captures fine-grained textures and geometric details with minimal artifacts. For outdoor
scenarios, it successfully handles complex driving scenes, preserving architectural structures and vehicle details.

These substantial tracking improvements across diverse
environments validate the effectiveness of our closed-loop
optimization approach that fuses geometric prior guidance
with photometric refinement.

iii) Real-time Performance. We conduct runtime analysis
as presented in Tab. III. The results demonstrate that our
system achieves real-time performance by applying joint
optimization only at keyframes. Our selective optimization
strategy enables efficient online reconstruction while main-
taining high-quality tracking and mapping performance.

C. Ablation Study

To validate the contribution of each component in our sys-
tem, we conduct comprehensive ablation studies as presented
in Tab. IV.

i) Loop Closure. Removing loop closure detection and
pose graph optimization leads to significant degradation
in tracking accuracy, demonstrating that our system’s pose

estimation substantially benefits from global consistency
enhancement.

ii) Primitive Sampling. Replacing our direct primitive
sampling strategy with uniform sampling approaches em-
ployed in most previous works [31] results in notable ren-
dering quality deterioration, confirming the effectiveness of
our sampling method.

iii) Scene Priors. Eliminating feed-forward scene priors
and using randomly initialized depth values as adopted by
previous monocular methods [5] causes severe decline in
both rendering and tracking performance, validating the
importance of geometric constraints for monocular 3DGS-
based SLAM.

iv) Camera Priors. Most critically, removing learned
camera priors and instead using raw intrinsic estimates with
the last keyframe’s pose for new frame initialization leads
to catastrophic degradation in both rendering and tracking
performance. This result underscores the essential role of
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Fig. 4: Comparison of estimated trajectories. Each tracking result is projected onto the z-y plane, with ground truth shown
as a dashed line. Our method achieves superior accuracy and robustness across indoor and outdoor environments.

TABLE II: Tracking accuracy comparison across three
datasets. ATE RMSE [m] (]) is reported. Our method
achieves superior tracking performance compared to methods
operating on uncalibrated RGB input (Uncalib.), while main-
taining comparable accuracy against approaches utilizing
calibrated camera parameters (Calib.).

Method Replica TUM RGB-D Waymo
43
5
32
44
34
SLAM3R [11] 0.064 0.652 18.265
Uncalib MASt3R-SLAM [10] 0.045 0.059 2431
" | VGGT-SLAM [12] 0.177 0.121 7.517
GeoGS-SLAM (Ours)  0.024 0.035 0.861

learned camera priors in addressing the inherent scale ambi-
guity and convergence challenges of monocular SLAM.

V. CONCLUSIONS

In this paper we propose GeoGS-SLAM, a novel monocu-
lar SLAM system that integrates 3DGS with learned geomet-
ric priors. Our method achieves SOTA performance against
existing monocular SLAM systems based on radiance fields
and geometric priors across various benchmarks. Our work
establishes a new paradigm for visual SLAM by building
a closed-loop pipeline that leverages feed-forward priors
for geometric bootstrapping while preserving photometric
evidence for radiance field rendering-based optimization to
achieve high-fidelity online reconstruction.
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