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Abstract—Implicit Neural Representation (INR)-based SLAM
has a critical issue where all keyframes must be stored in memory
for post-training whenever a remapping is needed due to the neural
network’s weights themselves representing the map. To address
this, previous INR-based SLAM proposed methods to modify
INR-based maps without changing the neural network’s weights.
However, these approaches suffer from low memory efficiency and
increased space complexity. In this letter, we introduce a remapping
method for INR-based maps that does not require post-training the
neural network’s weights and needed low space cost. The problem
of function modification, such as updating a map defined as a neural
network function, can be viewed as transforming the function’s
domain. Leveraging function domain transformation, we propose
a method to update INR-based maps by identifying the transforma-
tion function between the post-optimization and pre-optimization
domains. Additionally, to prevent cases where the transformation
between the post-optimization and pre-optimization domains does
not form a one-to-many relationship, we introduce a temporal do-
main and propose a method to find the spatial coordinate transfor-
mation function accordingly. Evaluations in INR-based techniques
demonstrate that our proposed method effectively update to maps
while requiring significantly less memory compared to existing
remapping approaches.

Index Terms—Mapping, SLAM.

I. INTRODUCTION

IMPLICIT Neural Representation (INR)-based SLAM has
gained significant attention since its introduction due to its

capabilities in predicting unseen views and represent watertight
maps [25]. In traditional SLAM, map representations such as
point clouds or voxel-based maps struggled to generate maps
for unobserved areas. However, INR offers the advantage of
making rough predictions about unseen views, enabling the
representation of unobserved areas in the map [25], [33], [34].
Consequently, INR-based SLAM has overcome the limitations
of conventional map representation methods. As research on
INR-based SLAM has progressed, further advancements have
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been made, including INR-based mapping in large-scale out-
door environments [4], [5], [13], [20], improvements in learn-
ing speed [5], [8], [27], and the generation of more precise
maps [2], [12].

Despite its advantages, INR-based SLAM has a major limita-
tion: remapping is challenging [12]. In traditional SLAM, map
representations such as point clouds or voxel-based allow rela-
tively easy update since these maps explicitly present landmark
pose. When an explicit representation is used, remapping can
be achieved by simply “transforming” the affected regions. In
contrast, INR-based maps encode the map within the weights
of the neural network. As a result, there is no direct way
to “transform” a specific part of the map representation, and
instead, optimal weight updates must be determined to achieve
the desired remapping [2], [28], [29], [32]. Consequently, INR-
based maps require post-training whenever updates are needed,
making the process computationally expensive [30]. This poses
a significant drawback in INR-based SLAM, where remapping
is essential for optimization processes such as loop closing or
global bundle adjustment (BA), leading to high computational
resource requirements [12], [30]. Recent INR-based SLAM
methods have recognized this challenge and proposed solutions
such as using multiple submaps [10], [14], [26], [30], [31] or
designing novel neural network architectures that allow up-
dates without post-training [12], [20], [22]. However, these ap-
proaches suffer from increased memory usage and higher space
complexity.

In this letter, we propose a new remapping approach for
INR-based SLAM that is memory-efficient and does not require
post-training. Our remapping method performs by approximat-
ing, via nonlinear regression a spatial coordinate transformation
function that maps the pre-optimization domain X to the post-
optimization domain X ′. In addition, we introduce a temporal
domain and utilize Gaussian Process (GP)-based uncertainty
estimation [23] to resolve the one-to-many relationship, ensur-
ing a robust transformation between X and X ′. By applying
this transformation to update the density and radiance fields at
corrected positions rather than the original sampled positions,
our approach maintains map quality while avoiding the need for
post-training. Our approach does not require additional training
for remapping. Moreover, it is compatible with single-network
implicit neural representations and does not impose constraints
on specific neural architectures. This allows it to be widely
applicable to INR-based 3D representations such as Neural
Radiance Fields (NeRF) [15].
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In summary, we propose a method that finds a nonlin-
ear regression function between X and X ′ for remapping in
INR-based SLAM. This enables remapping even in single-
network INR-based SLAM without requiring post-training. Our
contributions are as follows:
� We introduce a remapping method that utilizes a transfor-

mation function between the pre-optimization domain X
and the post-optimization domain X ′. This enables effi-
cient remapping even in single-network INR-base SLAM
without requiring additional training or specific network
structures.

� We address the one-to-many relationship problem between
X andX ′ by incorporating a temporal domain and leverag-
ing uncertainty estimation. By converting the one-to-many
relationship into a one-to-one mapping, we effectively
solve the nonlinear regression problem, enabling robust
remapping.

We evaluate our method on indoor datasets to assess its remap-
ping performance. Furthermore, we examine its applicability to
various INR-based techniques, demonstrating that our approach
is not limited to a specific INR method but is broadly applica-
ble. Additionally, experiments using single-network INR-based
SLAM show that our method can be successfully applied to real
SLAM scenarios.

II. RELATED WORKS

INR-based SLAM methods face challenges during loop clo-
sure events [30]. When loop closure occurs, a global optimiza-
tion of the camera trajectory and 3D reconstruction is required.
Consequently, updating the INR-based map involves modifying
the neural network’s weights, and a common approach to ob-
tain an optimal INR-based map is post-training. Recent SLAM
systems, such as GO-SLAM [32], use post-training methods
that leverage multi-resolution hash encoding [7], [16] to en-
hance computing efficiency. However, as the amount of training
data grows, post-training demands significant computational
resources [2], [28], [29]. This process can be highly intensive,
thereby hindering real-time performance. Without keyframe
selection or active learning-based data filtering, updating an
implicit neural representation map requires considerable time
and memory. This challenge is especially critical for on-device
robotics, where computational resources are limited, making
extensive post-training infeasible.

To mitigate the challenges of post-training implicit neural
networks during loop closure, some SLAM systems adopt a
submap-based approaches that utilizes multiple implicit neural
networks. In these methods, only the submaps affected by loop
closure require updates, which significantly improves efficiency
and scalability in large-scale environments [10], [14], [31].
NIM-REM exemplifies this strategy by modeling each submap
with a separate implicit function, thereby facilitating efficient,
real-time map corrections [30]. Similarly, MIPS-Fusion encodes
local submaps in MLP networks representing Truncated Signed
Distance Functions (TSDFs) and performs loop closure through
rigid registration of these submaps [26]. However, MIPS-Fusion
relies on co-visibility thresholds for loop closure detection,

which may limit its ability to correct substantial drifts. To fur-
ther improve efficiency and scalability, recent SLAM methods
have introduced hybrid submap-based approaches that integrate
elements of both implicit and explicit representations.

Loopy-SLAM constructs local submaps using neural point
clouds and performs global pose optimization by aligning these
submaps when a loop closure is detected, thereby enhanc-
ing global consistency without reprocessing previous frames
[12], [22].

This strategy inherits core ideas from earlier dense map-base
approaches that leverage volumetric submap partitioning for
scalable, drift-free reconstruction, enabling loop closures with-
out the need to reprocess entire map [6], [9]. These submap-
based methods effectively reduce the computational overhead
associated with global post-training and improve scalability
in large-scale environments. Nevertheless, challenges remain
in seamlessly integrating multiple submaps to maintain global
consistency, often requiring costly retraining procedures, and in
managing memory overhead as the number of submaps grows.

III. METHOD

A. Problem Redefine

To implement remapping in INR-based SLAM, we redefine
the remapping problem from traditional SLAM. In traditional
SLAM, map representations such as point clouds, voxels, or
occupancy grids can be expressed as functions. One example of
an explicit map representation is the point cloud map, which can
be defined as follows:

M(X) =

{
1, if point is located at X
0, otherwise

, (1)

where X represents a 3D coordinate. In this formulation, lo-
cations containing points have a value of 1, while empty loca-
tions have a value of 0. To perform remapping in a function-
based representation like point clouds, function transforma-
tion is required. When updating an explicit map using graph
optimization, the process follows:

M ∗(X ′)=M(C(X ′)), where C(X ′)=X ′+Δ(X ′)=X, (2)

where M ∗(X ′) denotes the post-optimization map, X ′ repre-
sents post-optimization 3D coordinates, and C(X ′) = X de-
fines the spatial coordinate transformation between the pre-
optimization domain X and the post-optimization domain X ′.
Since the map is represented as a function, as shown in Fig. 2, we
can obtain a new map function by transforming the coordinates
through function composition. The function Δ(X ′) represents
the transformation, varying based on X ′, and shifts each point’s
coordinates to a other location. This process is analogous to
transforming domains in signal processing. Therefore, once the
transformation function from the post-optimization domain X ′

to the pre-optimization domain X is known, an updated map
can be generated [17], [18]. In other words, the remapping
process can be formulated as finding C(X ′) and composing
a new function with the previous map function. Since C(X ′)
depends onX ′ in a nonlinear way, it can be viewed as a nonlinear
function.
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Fig. 1. Method overview. The proposed method estimate a spatial coordinate transform function using post-optimization and pre-optimization poses from the
localization module. It then estimates a one-to-one function between X ′ and X by removing the temporal domain using uncertainty. The estimated function is
composed with the before INR map to remapping.

Fig. 2. Pose transformation and remapping on the function map. The function map can be update using C(X ′), which transforms the coordinate domain.

Remapping in INR-based SLAM can also be understood as
transforming the function defined at the previous coordinates
to a new function at the updated coordinates. However, unlike
explicit maps, where knowing C(X ′) values at sampled points
is sufficient to remapping, INR-based maps require estimating
a globally defined nonlinear function C(X ′) over the entire
domain X ′. To address this, we estimate the spatial coordinate
transformation function using nonlinear regression.

To achieve this, we use RGB and depth images from each
frame, along with the camera poses tracked by a localiza-
tion module. We obtain a point cloud map PX by combin-
ing keyframe positions with depth images. This process runs
independently of the implicit neural mapping module. When
loop closing is detected, the localization module performs graph
optimization and updates keyframe positions accordingly. By
incorporating the updated keyframe positions and depth images,
we generate a new point cloud map PX ′ . Since PX ′ and PX

satisfy the transformation relationshipC(PX ′) = PX as defined

in (1) and (2), we estimate the nonlinear function Ĉ(X ′) using
the following optimization:

Ĉ(X ′) = argmin
C

L(C(PX ′), PX), (3)

where L is the error function between C(PX ′) and PX .

B. Temporal Domain

When loop closure occurs in SLAM, multiple transformation
points may exist where X ′ maps to X . This results in a
one-to-many relationship between the post-optimization domain
X ′ and the pre-optimization domain X . Due to this one-to-
many relationship in the coordinate transformation, the function
Ĉ(X ′) may incorrectly approximate C(X ′), leading to errors in
mapping from X ′ to X

To address this issue, we propose to incorporate a tempo-
ral domain. In explicit maps, pose graph optimization (PGO)
is commonly used during the remapping process to optimize
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keyframe poses. During this optimization process, the observa-
tions associated with each keyframe are updated according to the
optimized keyframe poses, under the assumption of rigid-body
motion. This implies that the motion of the observations is gov-
erned by the transformation of the corresponding keyframe pose.
Building on this, we introduce a temporal domain T to estimate
Ĉ(X ′) in implicit maps. Similar to how keyframe poses and
observations in explicit maps are assumed to undergo rigid-body
motion in PGO, we assume that the mapping function Ĉ(X ′) in
implicit representations is also related to the observation time T .
By incorporating T , we effectively separate the mapping from
X ′ to X , preserving the functional relationship and preventing
conflicts caused by the one-to-many relationship.

Based on the method presented in Section III-A, we refine
the estimation of the nonlinear function Ĉ(X ′) by integrating
the temporal domain of the keyframe. This modification uti-
lizes temporal from adjusted keyframes to separate multiple
transformation points in the mapping between X ′ and X . The
updated formulation of (3) incorporating the temporal domain
is as follows:

Ĉ(X ′, TX ′) = argmin
C

L(C(PX ′ , TX ′), PX),

where C(PX ′ , TX ′) = PX ′ +Δ(PX ′ , TX ′) = PX . (4)

C. Remove Temporal Domain Using Uncertainty Estimation

To apply our approach to INR-based SLAM and mapping,
it is necessary to obtain density and radiance field independent
of the temporal domain T . Ultimately, our goal is to estimate
a stable transformation function Ĉ(X ′) that is independent of
T . However, as described in Section III-B, since we perform
nonlinear function regression using the temporal domain, we
initially estimate Ĉ(X ′, TX ′).

During this optimization process, the observations associated
with each keyframe are updated according to the optimized
keyframe poses, assuming rigid-body motion. This implies that
the motion of the observations is governed by the transformation
of the corresponding keyframe pose. There are two approaches to
remove T : using the expectation of the function and maximizing
the likelihood.

The expectation-based approach computes the expected value
of the function as follows:

Ĉ(X ′) = ET [Ĉ(X ′, TX ′)] =

∫
P (TX ′) Ĉ(X ′, TX ′)dTX′ .

(5)

By computing the expectation of Ĉ(X ′, TX ′) over TX ′ , we
obtain a stable estimate of Ĉ(X ′).

The likelihood maximization approach selects the most prob-
able T that maximizes the likelihood function:

Ĉ(X ′) = Ĉ

(
X ′, argmax

TX′
P
(
Ĉ(X ′, TX ′)

))
. (6)

By identifying the maximum likelihood value of
P (Ĉ(X ′, TX ′)), this approach yields a more reliable estimate
of Ĉ(X ′).

To remove the temporal variable T , we utilize the GP-
estimated transformation Ĉ(X ′, TX ′) and its uncertainty. The
regression using a GP is formulated as follows:

C(PX ′ , TX ′) ∼ GP(0,K((PX ′ , TX ′), (PX ′ , TX ′)))

Ĉ(X ′, TX ′) = KPX(KXX + σ2
nI)

−1(PX)

Σ̂(X ′, TX ′) = KPP −KPX(KXX + σ2
nI)

−1KXP , (7)

where K(x, x′) is σ0 exp(−||x− x′||2/2σ2
f ), which is well

known as the Radial Basis Function (RBF). By performing a
GP regression using the input (PX ′ , TX ′) and the output PX , we
estimate Ĉ(X ′, TX ′). Furthermore, the covariance Σ̂(X ′, TX ′)
provides the uncertainty. As a result, we can eliminate the tem-
poral domain T using uncertainty-aware transformations based
on (5) and (6).

Through empirical evaluations, we found that maximizing the
likelihood provides better results than using expectation-based
estimation. This observation is confirmed by the experimental
results presented in Section IV-D, specifically in Table IV.
Therefore, we adopt the likelihood maximization approach to
obtain the density and radiance field

D. Remapping Framework

In this section, we present the specific components and al-
gorithms of the proposed remapping framework. As overview
shown in Fig. 1, our remapping process operates indepen-
dently of the localization and mapping modules. Therefore, the
remapping module remains in a “ready” state without actively
performing remapping, as it does not need to be synchronized
with the SLAM or mapping process.During this “ready” state,
when events such as loop detection or PGO occur—resulting in
changes to the global pose trajectory—the module records both
the pre- and post-optimization pose trajectories, along with the
inducing points required for the GP. This enables the remapping
process to be executed later using the proposed method, guided
by the stored inducing points. When spatial attributes queries are
required—such as extracting a mesh from the INR-based map or
generating a point cloud map—the proposed remapping process
transforms the input coordinates accordingly. Intuitively, the GP
acts as a coordinate corrector, modifying the inputs to the INR
such that they reflect the appropriate positions in the updated
map.

When querying spatial attributes from the INR, we are inter-
ested in obtaining the value at a post-optimized coordinate X ′ ∈
R

3. However, since the INR has been trained on pre-optimized
coordinates, it cannot directly provide spatial attributes at the
desired post-optimized location. To address this, the GP serves
as a regressor that maps the post-optimized coordinate X ′ to a
corresponding pre-optimized coordinate X ∈ R

3, which is then
used as the input to the INR. As described in Section III-B, to
resolve the one-to-many ambiguity inherent in this regression,
we augment the input with a temporal index. Specifically, given
a post-optimized spatial coordinate {x′, y′, z′, t0}, we construct
K augmented query inputs by appending each keyframe times-
tamp tk, forming inputs {x′, y′, z′, tk} for k = 0, . . . ,K − 1.
This allows querying across the temporal domain associated
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TABLE I
RECONSTRUCTION RESULTS IN INR METHODS (AVERAGE)

with keyframe acquisition. As explained in Section III-C, after
performing regression over the temporal domain, we remove
the temporal component and select the most appropriate pre-
optimized coordinate among the candidates. This allows us to
retrieve the most suitable X corresponding to the given post-
optimized query X ′, enabling accurate spatial attributes queries
from the INR.

IV. EXPERIMENTS

A. Implementation and Setup

1) Dataset: We evaluate on IMAP Replica sequences [24],
[25], HM3D [21], ScanNet dataset [3]. The IMAP Replica
sequences, a synthetic dataset, and the ScanNet dataset, a real-
world dataset, consist of indoor environments captured from
multiple viewpoints, making them well suited to evaluate recon-
struction performance. Additionally, we use the HM3D synthetic
dataset to assess remapping performance. To ensure a diverse
evaluation, we randomly generate 38 sequences from the HM3D
dataset to evaluate general performance in indoor environments.

2) Implemetation: For training and evaluation, we set the
following configurations for nonlinear regression: Number of
inducing points NP=2048, σ0=0.5, σf=0.1, sampling points
along a ray in rendering Nsampling=24. For temporal model-
ing, we use the trajectory index as the temporal value. Unless
otherwise specified, we remove the temporal domain using (6).
In Section IV-B, for the localization task, ground-truth poses
were used, and the keyframes were arbitrarily selected. In Sec-
tion IV-C, both the localization and keyframe selection modules
were adopted from Go-SLAM, and the INR was implemented
using a hybrid of Instant-NGP and SDF representations. Imple-
mentation details for each experimental setup are described in
the respective sections.

B. Evaluation of Remapping in INR-Method

In this section, we evaluate the remapping performance of
our method in INR. We first train the INR with artificially
introduced camera pose errors, then perform remapping using
the estimated transformation function Ĉ(X ′), which is derived
through GP regression. To simulate realistic pose errors, we
introduce sudden trajectory drift at specific points during navi-
gation, assuming a failure in odometry estimation. The timing

of these errors is determined based on the highest drift points
detected in the trajectory estimated using ORB SLAM3 [1]. We
use ground-truth point cloud asPX ′ , assuming an optimally pro-
cessed loop closure and full bundle adjustment (BA). To evaluate
reconstruction performance, we convert the rendered depth maps
into point clouds and compute surface-based reconstruction
metrics. We report the average performance across 8 sequences
from the Replica dataset and 38 sequences from the HM3D
dataset. Additionally, we compare GP regression approaches
against neural network-based nonlinear regression approaches.
Specifically, we evaluate a multi-layer neural network using
100,000 training points to estimate Ĉ(X ′).

The results are presented in Table I. Our proposed method
consistently updates the INR-based map to closely match the
ground truth.

C. Evaluation of Remapping in INR-Base SLAM

In this part, we evaluate the performance of our method when
applied to a real SLAM pipeline. We compare our approach with
Go-SLAM [32], which employs a post-training-based approach
to update maps, and NIM-REM [30], which uses a submap-
based method where each keyframe maintains a separate INR
map. Go-SLAM includes a keyframe selection algorithm to
optimize post-training. However, this algorithm is only effective
when newly observed data is added and cannot be used as a post-
processing step for remapping [32]. To ensure a fair comparison
in remapping scenarios, we evaluate Go-SLAM without the
keyframe selection process. NIM-REM does not have a built-in
pose estimation or keyframe selection mechanism. Therefore,
we use camera poses and keyframes estimated by Go-SLAM
for evaluation. In addition, for mesh reconstruction, we generate
query points with a resolution of 512 along each axis. For
NIM-REM, voxel size is set to 0.2 when using the ScanNet
dataset. Our method updates the map by applying Ĉ(X ′) to the
mapping results obtained from Go-SLAM that don’t use loop
closing or global bundle adjustment (BA).

The results are presented in Tables III and II. For the ScanNet
dataset, our proposed method achieves the highest performance
across all average metrics except for completion. The visualiza-
tion results in Fig. 3 show that maps generated using Go-SLAM
and NIM-REM suffer from room merging or distortions. In
contrast, our method successfully updates the map to be more
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TABLE II
RECONSTRUCTION RESULTS IN INR-BASED SLAM (SCANNET DATASET)

TABLE III
RECONSTRUCTION RESULTS IN INR-BASED SLAM (REPLICA DATASET)

consistent with the ground truth. In particular, despite the po-
tential inaccuracy of the INR trained in the pre-optimization
domain, our approach demonstrates robust performance, sug-
gesting that the proposed method is capable of performing
effective remapping.

Additionally, in terms of memory efficiency, our approach
demonstrates the lowest memory consumption across all
datasets. In the case of Go-SLAM, both the INR map and the
RGB-D keyframe dataset must be stored in memory. NIM-REM,
on the other hand, maintains a separate INR map for each
keyframe, resulting in high memory usage. In contrast, our
method only requires a single INR map and two point cloud maps
for updating the scene representation, leading to significantly
reduced memory requirements.

D. Ablation Study

1) Temporal Domain Remove: We validate the remapping
performance by comparing (5) ET and (6) argmaxT as proposed
in Section III-C for removing the temporal domain. The experi-
ments were conducted under the same settings as Section IV-B,
utilizing instance-NGP [16] and UniSurf [19] as the implicit
neural representation methods. The results are presented in
Table IV. The experimental findings confirm that, in most cases,
argmaxT achieves superior performance.

2) Number of Inducing Points: We also report the impact of
the number of inducing points in the our method. Specifically,
we evaluate metrics on the ScanNet dataset by varying the
number of inducing points used during the remapping. The
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Fig. 3. Remapping result on ScanNet sequence 0054.

TABLE IV
COMPARE OF ARGMAXT AND ET

TABLE V
RENDERING PERFORMANCE OF IN INR METHOD

TABLE VI
COMPARE OF COMPUTATIONAL EFFICIENCY

results are presented in Table VII. In most metrics, a larger
number of inducing points leads to improved performance.
These results suggest that the more accurately the nonlinear
regression function Ĉ(X ′) approximates the target coordinate
transformation C(X ′), the better the remapping performance
becomes.

3) Computational Efficiency: To evaluate the computational
efficiency of our method, we additionally compare remapping
performance on ScanNet scene 0054, where trajectory errors are
particularly prominent. For Go-SLAM, it is difficult to explicitly
define the remapping duration, so we perform post-training for
the same amount of time as our method—approximately 35
minutes (2,500 iterations)—to assess its reconstruction perfor-
mance. The results are presented in Tables VI and VII. While
NIM-REM exhibits faster runtime compared to our method, it
should be noted that remapping is a post-processing step where
accuracy takes precedence over speed. Our approach achieves
higher reconstruction accuracy than NIM-REM, while also re-
quiring significantly less memory. Compared to Go-SLAM,
despite consuming equal remapping time, our method yields
superior reconstruction performance.

TABLE VII
EFFICIENCY ABOUT NUMBER OF INDUCING POINTS

Fig. 4. Remapping result on Kitti 05 dataset.

4) Rendering Performance: To evaluate the rendering per-
formance of our method, we conducted experiments on the
various versions assessed in Section IV-B. All experiments were
performed on images of resolution 320 × 240 using the HM3D
dataset, under the same settings described in Section IV-B. The
results are reported in Table V. In terms of image rendering
quality, the GP (w/ T) variant achieved the highest performance.
Although the GP (w/ T) configuration results in the highest
runtime, the objective of our method is not real-time rendering
but asynchronous processing tailored for SLAM systems. Since
our method is decoupled from the real-time estimation loop and
is only executed during the post-processing stage when querying
spatial information from the INR, the increased inference time
does not affect the system’s real-time performance in practice.

5) Large Scale Remapping: To demonstrate that our method
is applicable to large-scale environments, we conducted exper-
iments using scan data from the KITTI dataset, which repre-
sents a city-scale setting. Since most INR-based SLAM systems
rely on hybrid approaches in large environments due to mem-
ory and training limitations of a single-network INR, we also
adopted a hybrid approach for evaluation. Specifically, we used
NeRF-LOAM [4] as the base framework, where localization
was performed using ICP and Scan Context. Other components,
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such as keyframe selection, followed the original NeRF-LOAM
implementation. Remapping was conducted using our proposed
method based on both loop closure and non-loop closure sce-
narios detected by Scan Context. As the INR adopts a hybrid
representation, we performed remapping by transforming SDF
values of the observed voxels via a Gaussian Process. The results
are shown in Fig. 4. Our method successfully enables remap-
ping in large-scale environments, demonstrating its applicability
to hybrid INR-based SLAM systems in city-scale mapping
scenarios.

V. CONCLUSION

In this letter, we propose remapping method for INR-based
SLAM by formulating the problem as a function transformation
task. Since the remapping of an INR-based map, represented
by a neural network, can be interpreted as finding a trans-
formation between different domains, we show that a domain
transformation function between the post-optimization domain
and the pre-optimization domain can be used to update the
map without modifying the neural network’s weights. To pre-
vent errors caused by the one-to-many relationship between
the post-optimization domain and the pre-optimization domain,
we introduce a temporal domain as an additional constraint.
This ensures that the estimated transformation function remains
valid and accurate. We validate our approach can be applied to
single-network INR-based SLAM, offering significantly more
memory efficiency than existing methods while maintaining
high remapping performance.
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