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SLC2-SLAM: Semantic-Guided Loop Closure Using
Shared Latent Code for NeRF SLAM

Yuhang Ming , Member, IEEE, Di Ma, Weichen Dai , Han Yang, Rui Fan , Senior Member, IEEE,
Guofeng Zhang , and Wanzeng Kong , Senior Member, IEEE

Abstract—Targeting the notorious cumulative drift errors in
NeRF SLAM, we propose a Semantic-guided Loop Closure using
Shared Latent Code, dubbed SLC2-SLAM. We argue that latent
codes stored in many NeRF SLAM systems are not fully exploited,
as they are only used for better reconstruction. In this letter, we
propose a simple yet effective way to detect potential loops using
the same latent codes as local features. To further improve the loop
detection performance, we use the semantic information, which are
also decoded from the same latent codes to guide the aggregation
of local features. Finally, with the potential loops detected, we close
them with a graph optimization followed by bundle adjustment
to refine both the estimated poses and the reconstructed scene.
To evaluate the performance of our SLC2-SLAM, we conduct
extensive experiments on Replica and ScanNet datasets. Our pro-
posed semantic-guided loop closure significantly outperforms the
pre-trained NetVLAD and ORB combined with Bag-of-Words,
which are used in all the other NeRF SLAM with loop closure.
As a result, our SLC2-SLAM also demonstrated better tracking
and reconstruction performance, especially in larger scenes with
more loops, like ScanNet.

Index Terms—SLAM, loop detection, localization, semantic
scene understanding.

I. INTRODUCTION

U SING a RGB-D camera as the primary sensor, dense
simultaneous localization and mapping (SLAM) aims at

estimating the self-motion, i.e. poses, of an agent while recover-
ing the dense 3D reconstruction of its surrounding environment.
Dense SLAM is the core to a wide range of spatial artificial
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intelligence (AI) applications, including autonomous robots and
systems, embodied AI, and metaverse applications. Thus, it has
been a popular research area in the robotics and computer vision
communities.

Over the past decade, the field has seen remarkable ad-
vancements in dense SLAM, alongside a growing integration of
SLAM systems with neural networks. Early dense SLAM sys-
tems, such as KinectFusion [3] and ElasticFusion [4], prioritized
precise geometrical reconstructions of environments, enabling
detailed spatial modeling. Then, incorporating pre-trained neu-
ral networks, dense SLAM systems have evolved to provide
enhanced scene comprehension [5] and increased resilience
against cumulative drift errors [6]. This synergy has expanded
the scope of SLAM, transforming it from purely geometric
mapping to a more semantically aware, robust system capable of
more accurate and stable performance in complex environments.

More recently, the introduction of neural radiance fields
(NeRF) [7] has showcased the powerful scene representation
capabilities of multi-layer perceptrons (MLP). By encoding 3D
scenes implicitly within the weights of an MLP, it generates
compact neural implicit maps, which not only reduce the storage
requirements of large-scale reconstructed scenes but also allow
for efficient bundle adjustment of both estimated poses and the
reconstructed map. Due to these advantages, NeRF has gar-
nered substantial interest for developing dense SLAM systems
that leverage neural implicit representations [8]. Pioneered by
iMAP [9] and NICE-SLAM [10], a series of NeRF SLAM
systems have emerged, showing notable advances in reconstruc-
tion quality [11], tracking precision [12], and overall system
efficiency [2]. These developments represent a promising shift
toward more accurate, storage-efficient, and computationally
feasible dense SLAM solutions.

Comparatively, much less attention has been paid to address
the cumulative drift errors in NeRF SLAM systems. Existing
implementations of loop closure in NeRF SLAM generally
follow one of three main approaches: (1) employing hand-
crafted local features with global descriptor aggregation, such
as ORB features [13] paired with Bag-of-Words (BoW) descrip-
tors [14]; (2) utilizing pre-trained place recognition models,
like NetVLAD [15]; and (3) applying a simple covisibility
score-based method. However, none of these techniques offer
an optimal solution for NeRF SLAM. Covisibility score-based
methods are too simple to close the loops with large drifts,
while the other approaches require additional efforts for local
feature extraction. These added steps not only increase com-
putational overhead but also risk losing relevant information
unique to NeRF representations, highlighting the need for a more
specialized loop closure strategy tailored to the NeRF SLAM
framework.
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Recognizing that recent NeRF SLAM systems commonly uti-
lize InstantNGP-style [16] mapping for efficiency, where latent
codes are learned on-the-fly and stored throughout operation,
we observe that these latent codes’ potential as local features for
loop detection has been underutilized. In this letter, we introduce
Semantic-guided Loop Closure using Shared Latent Code for
NeRF SLAM (SLC2-SLAM), a simple yet effective approach
specifically designed to leverage these latent codes for effective
loop detection within NeRF SLAM systems. In particular, our
method uniquely repurposes these latent codes, initially intended
solely for scene reconstruction, as local geometric features
which are then aggregated into a global descriptor. To enhance
this aggregation process, we incorporate semantic information,
also decoded from the latent codes, guiding the selection of local
latent codes for better aggregation. After identifying potential
loops, we close the loop with a pose graph optimization, fol-
lowed by bundle adjustment, to refine both the estimated pose
and the reconstructed map.

We rigorously evaluate the performance of our SLC2-SLAM
with extensive experiments on Replica [17] and ScanNet [1]
datasets. Our method shows significant improvement in loop de-
tection capabilities, achieving an average recall rate of 0.662—
outperforming the closest competing approach, which achieves
only 0.277. This enhanced loop detection also contributes to
superior tracking accuracy and reconstruction quality, particu-
larly evident in the larger scenes from the ScanNet dataset, as
illustrated in Fig. 1.

Our main contributions are summarized as follows:� To the best of our knowledge, we are the first to exploit the
latent codes stored in many NeRF SLAM system not only
for scene reconstruction but also for semantic segmentation
and loop detection.� We conduct extensive experiments on publicly available
datasets and our SLC2-SLAM consistently outperforms
existing methods, achieving state-of-the-art performance
in loop detection, reconstruction quality, and competitive
performance in tracking accuracy.

II. RELATED WORK

A. NeRF SLAM With Latent Codes

To enhance the reconstruction quality of NeRF SLAM sys-
tems, many approaches leverage latent codes to capture local
scene structures, reducing the burden on the MLP for detailed
map representation. While various terms such as features, em-
beddings, or latent codes are used across the literature, we refer
to them collectively as latent codes here for consistency.

Vox-Fusion [11] pioneered the integration of neural implicit
maps with explicit voxel structures by attaching on-the-fly
learned latent codes to voxel vertices and utilizing an octree
for efficient voxel indexing. Similar concepts also appear in
systems like Co-SLAM [2], ESLAM [18], and VPE-SLAM [19].
Both Co-SLAM and VPE-SLAM followed voxel representa-
tions, but with distinct encoding design. Co-SLAM [2] builds
on the InstantNGP [16] framework, introducing a joint coor-
dinate and parametric encoding with multi-resolution hashing
and One-blob encoding. VPE-SLAM, alternatively, presents a
voxel-permutohedral encoding that merges sparse voxels with
multi-resolution permutohedral tetrahedral. Contrasting with
voxel-centric approaches, ESLAM [18] specifically favors a
plane-based representation to retain latent codes.

Fig. 1. Tracking and reconstruction results on the scene0054 of ScanNet [1].
With semantic-guided loop closure, our SLC2-SLAM achieved better tracking
and reconstruction performance. In contrast, our base system Co-SLAM [2]
exhibits obvious misalignment, especially evident in the areas in the pink
bounding boxes.

Building on this hybrid map representation, various works
have been published to improve the systems’ performance
from different aspects. For a richer scene understanding, both
SNI-SLAM [20] and NIS-SLAM [21] expand NeRF SLAM
by generating semantic maps, allowing for detailed scene la-
beling. Regarding the accuracy of the reconstructed geometry,
Hu et al. [22] address issues related to incomplete depth data
by introducing attentive depth fusion priors into the volume
rendering process. In terms of robustness, HERO-SLAM [23]
tackles abrupt viewpoint changes by implementing a hybrid
enhanced robust optimization, while RoDyn-SLAM [24] im-
proves dynamic object handling by removing dynamic rays from
the reconstruction process with motion masks generated from
optical flow and semantic information.

B. NeRF SLAM With Loop Closures

Loop closures are necessary to all SLAM systems to ensure
robust operation in larger-scale environments. As outlined in the
previous section, current loop closure approaches typically use
one of three strategies: (1) covisibility scores, (2) the pre-trained
NetVLAD [15] model, or (3) ORB [13] features in combination
with BoW [14] descriptors. Additionally, NeRF SLAM sys-
tems can be broadly categorized by their approach to camera
pose estimation: Coupled NeRF SLAM, which estimates poses
directly through inverse NeRF optimization, and Decoupled
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