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Abstract

We propose 3D-SLNR, a new and ultra-lightweight neu-
ral representation with outstanding performance for large-
scale 3D mapping. The representation defines a global
signed distance function (SDF) in near-surface space based
on a set of band-limited local SDFs anchored at support
points sampled from point clouds. These SDFs are pa-
rameterized only by a tiny multi-layer perceptron (MLP)
with no latent features, and the state of each SDF is mod-
ulated by three learnable geometric properties: position,
rotation, and scaling, which make the representation adapt
to complex geometries. Then, we develop a novel parallel
algorithm tailored for this unordered representation to effi-
ciently detect local SDFs where each sampled point is lo-
cated, allowing for real-time updates of local SDF states
during training. Additionally, a prune-and-expand strat-
egy is introduced to enhance adaptability further. The syn-
ergy of our low-parameter model and its adaptive capabil-
ities results in an extremely compact representation with
excellent expressiveness. Extensive experiments demon-
strate that our method achieves state-of-the-art reconstruc-
tion performance with less than 1/5 of the memory footprint
compared with previous advanced methods.

1. Introduction
This paper aims to reconstruct large-scale scenes from

point clouds, covering from indoors to outdoors, and even

extending to city-scale environments. This is a key research

topic in computer vision and graphics and remains greatly

promising in applications such as self-driving, robotics, and

mixed reality. However, the task presents significant chal-

lenges, as larger scene scales introduce more complex ge-

ometry and higher memory demands. Thus, an expressive

yet highly compact map representation is desirable.

† Corresponding author.

Previous approaches have extensively explored the opti-

mal scene representations. Traditional approaches usually

directly model scenes as discrete distance grids [28, 42] or

predefined basis functions [13, 15], which then are con-

verted into 3D fields through techniques like truncated

signed distance function (TSDF) fusion [26] or finite el-

ement analysis [13, 15]. To enable scalability for large

scenes, various sparse data structures [9, 12, 14, 28, 42] are

widely employed. However, capturing detailed geometry

with these methods necessitates a large allocation of data

nodes, resulting in a substantial increase in memory usage.

Building on the above traditional concepts, many learning-

based methods [20, 37, 38, 48, 52] represent scenes as con-

tinuous and differentiable implicit fields using neural net-

works, often incorporating sparse feature grids [22, 25, 40]

to facilitate scalability and expressiveness. Some methods

[11, 46] reconstruct scenes using data-driven neural kernels,

offering greater expressiveness than the basis functions used

in traditional methods [13, 15]. These methods mitigate the

need for extensive data node allocation but require numer-

ous high-dimensional latent features to capture intricate ge-

ometric details, introducing additional memory overhead.

The recent point-based learning methods [30, 35, 47] show

great potential for lightweight representation due to their in-

herent adaptivity. However, they still heavily rely on latent

features, neglecting the further exploitation of the adaptiv-

ity. In summary, prior methods often prioritize expressive-

ness at the expense of memory efficiency.

In this paper, we present 3D-SLNR, a new and su-

per lightweight representation with exceptional expressive-

ness for large-scale 3D mapping. A visualization is pro-

vided in Fig. 1. Our method combines the principles

from neural implicit representations and basis functions

while fully exploiting the adaptive nature of the point-based

representations. Specifically, we define a continuous and

differentiable global SDF using a set of band-limited lo-

cal SDFs anchored at support points sampled from point

This CVPR paper is the Open Access version, provided by the Computer Vision Foundation.
Except for this watermark, it is identical to the accepted version;

the final published version of the proceedings is available on IEEE Xplore.
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Figure 1. Our method defines a global SDF based on a set of band-limited local SDFs anchored at support points. It reconstructs more

consistent and smoother meshes in a kilometer-scale scene in the KITTI-360 dataset with less than 1/5 memory consumption (short in MC

in megabytes) for map representation, compared to previous advanced methods.

clouds. Unlike the previous feature-dependent methods, we

only parameterize these local SDFs with a small MLP, ef-

fectively serving as a learnable basis SDF, which signifi-

cantly reduces the number of model parameters. To en-

hance expressiveness, we control the state of each local

SDF by three learnable geometric properties—position, ro-

tation, and scaling—allowing our representation to adapt

flexibly to complex geometries. Furthermore, we intro-

duce a novel parallel algorithm to efficiently detect the lo-

cal SDFs where each sampled point is located, enabling

real-time updates of the states of local SDFs during train-

ing. This capability is critical to making our unordered

representation applicable to large-scale mapping. In addi-

tion, we propose a prune-and-expand strategy that removes

redundant support points while allocating more points to

under-reconstructed regions, further boosting adaptability.

The above innovations make our representation extremely

compact and strongly expressive. The main contributions

of this paper are summarized as follows:

• A new and ultra-lightweight neural representation is

proposed for large-scale 3D mapping that is feature-

independent and highly expressive.

• A novel parallel local SDF detection algorithm tailored

for the proposed representation is developed to enable

real-time updates during training.

• A prune-and-expand strategy is introduced to enhance

adaptability by dynamically controlling point allocation.

• Extensive experiments demonstrate that our method

achieves state-of-the-art reconstruction performance with

less than 1/5 of the memory footprint compared with pre-

vious advanced methods.

2. Related work

Traditional 3D reconstruction. Poisson reconstruction

[13, 15] is one of the most popular methods. The cen-

tral step is solving a Poisson equation to convert discrete

points into a continuous indicator field. Specifically, it em-

ploys B-spline basis functions anchored at multi-resolution

grid nodes [14] to fit the indicator function, followed by

solving for the weights of each basis function. However,

these basis functions are predefined, limiting their expres-

siveness. In complex scenes, they tend to fit well only in

very localized regions, requiring a substantial increase in

data nodes to improve expressiveness, which in turn leads

to a large memory footprint. Another prominent approach

is TSDF fusion-based reconstruction [26], which fuses per-

frame TSDFs into a global representation. By leveraging

sparse data structures such as octrees [9, 41], hash tables

[12, 28, 29], and VDBs [42], reconstruction in large-scale

scenes has been achieved. Nevertheless, significant num-

bers of data nodes still need to be assigned to accommodate

intricate geometries. While our expressiveness comes from

its adaptivity and the learnable basis SDF, avoiding exces-

sive memory usage.

Neural implicit reconstruction. With the advent of

seminal works such as Occupancy networks [23], DeepSDF

[31], and NeRF [24], reconstruction methods based on neu-

ral implicit representations have rapidly emerged. Early

approaches [1, 7, 27, 43, 50] only use single MLP archi-

tectures to represent scenes; however, the limited capac-

ity of MLPs renders them inadequate for reconstructing

large-scale scenes. To address this, a plethora of meth-

ods [17, 18, 44, 49] adopt sparse feature grids [25, 40]

to enhance model capacity and improve geometric fidelity.

Subsequently, methods like SHINE-Maping [52], along

with [37], [48], [6], [38] and [32] demonstrate effective

large-scale reconstruction utilizing ranging data. Further-

more, NKSR [11] reconstructs large-scale scenes using

data-driven neural kernels [46] that are more expressive

than predefined basis functions employed in Poisson meth-

ods [13, 15]. Despite these advancements, existing meth-
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Figure 2. Overview of the proposed large-scale 3D mapping approach. (a) We construct a spatial hash grid near geometric surfaces and

sample support points from the scene point cloud. (b) A global SDF constrained in the hash grid is initialized by setting up local SDFs

anchored at these support points. (c) We employ our parallel algorithm to efficiently detect local SDFs where each sampled point is located.

(d) The 3D coordinate of the sampled point is mapped from the world coordinate system to local coordinate systems defined by geometric

parameters of the detected local SDFs. Through a tiny MLP, these local coordinates are converted into an SDF value. (e) We compute

the SDF label for the point sampled in the hash grid and construct the loss function for training. (f) During training, a prune-and-expand

strategy is performed at regular iterations.

ods for large-scale reconstruction heavily rely on numer-

ous high-dimensional latent features, resulting in substan-

tial memory overhead. In contrast, our approach eliminates

the dependence on such latent features, significantly reduc-

ing memory consumption.

Point-based reconstruction. Surfel [33] is a type of

classical point-based representation that consists of a set

of oriented 2D disks attached to geometric surfaces. It has

been widely adopted by 3D mapping methods [3, 5, 36, 45]

due to its compactness and adaptability. However, this rep-

resentation is discrete and unordered, limiting its ability to

model continuous surfaces. Recent methods, such as Point-

SLAM [35] and PIN-SLAM [30], represent scenes as con-

tinuous SDFs based on neural points, exhibiting promising

results for 3D reconstruction. Yet, these methods still heav-

ily depend on latent features and fail to leverage the nat-

ural adaptability of point-based representations fully. Ap-

proaches [10, 51] based on 3D Gaussian splatting (3DGS)

[16] adopt efficient splatting and densification algorithms

to ensure adaptive updates of point-based Gaussians; nev-

ertheless, these algorithms are primarily designed for real-

time image rendering, and their memory footprint escalates

significantly during training. Our approach can be consid-

ered as a point-based continuous representation but does not

rely on latent features. And, the introduced local SDF de-

tection algorithm and prune-and-expand strategy are specif-

ically developed for our representation, ensuring sufficient

adaptability and efficiency.

3. Method
An overview of our approach is shown in Fig. 2. First, a

spatial hash grid near geometric surfaces is constructed [37]

and support points are sampled from the scene point cloud

generated by accumulating posed point cloud frames. Then,

we set up local SDFs anchored at these support points, cre-

ating an initial global SDF constrained in the near-surface

space by the hash grid. Subsequently, our parallel algo-

rithm is employed to efficiently detect the local SDFs at

each sampled point in the hash grid. After that, we can

obtain the SDF value of each sampled point through the ge-

ometric parameters of these detected local SDFs and a small

MLP. Finally, we compute the SDF labels and construct the

loss function for training. In the training process, a prune-

and-expand strategy is performed at regular iterations. After

training, we can extract meshes from the optimized global

SDF by marching cubes algorithm [21]. In this section, we

first describe our map representation in Sec. 3.1, and then

introduce the local SDF detection algorithm in Sec. 3.2,

followed by the prune-and-expand strategy in Sec. 3.3, and

finally, the training process in Sec. 3.4.

3.1. Map representation
Our map representation, 3D-SLNR, defines a global SDF

Fg that is composed of a series of local SDFs with the num-

ber of N :

Fg = {Fl
i = (xi, ri, si, Fθ) | i = 1, ..., N}, (1)

where each local SDF Fl
i is derived from a band-limited ba-

sis SDF Fθ with a radius of m = 3, parameterized by a

tiny MLP with the parameter θ. And each local SDF is an-

chored at a support point with position xi ∈ R
3 and shaped

by a rotation vector ri ∈ R
3 and a scaling vector si ∈ R

3.

Therefore, the learnable parameters are {xi, ri, si, θ}, not

including any latent features.
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Given a sampled point p in the world coordinate sys-

tem and its K detected local SDFs {Fp
j | j = 1, ...,K},

we can query the SDF value of p as presented in Fig. 2(d).

Firstly, we transform p from the world coordinate system

to the local coordinate system of the basis SDF through the

geometric parameters of these detected local SDFs:

pl
j =

R−1
j (p− xj)
exp(sj)

, (2)

where Rj ∈ R
3×3 is a rotation matrix transferred by the

rotation vector rj , and the exponentiation of sj is to en-

sure that the scales of local SDFs are always greater than

0. Then, we can query the local SDF values from the MPL-

parameterized basis SDF:

fp
j = Fθ(p

l
j). (3)

Finally, the SDF value of p can be obtained by a weighted

average:

S =

K∑
j=1

wj∑K
j=1 wj

fp
j , (4)

where wj is a weight factor, which is calculated by:

wj = exp(−||pl
j ||22). (5)

The above formulation is continuous and differentiable for

all parameters. As a result, we can update the distribution

and shapes of these local SDFs during training, which en-

dows our representation with high expressiveness and adap-

tivity.

According to the descriptions above, our approach can

be viewed as a basis function-based neural implicit rep-

resentation method. Compared to the predefined basis in

traditional methods [13, 15], our basis SDF is data-driven

and thus is more expressive. In comparison to the feature-

derived kernels in learning-based methods [11, 46], ours

is feature-independence and extremely compact. The pro-

posed approach is also a point-based method but more adap-

tive than previous methods [30, 35, 47].

Initialization. We construct a spatial hash grid follow-

ing [37], constraining the global SDF and point sampling

to the near-surface space. The scene point cloud is voxel-

downsampled with a voxel size of sv to get the initial sup-

port points xinit, which are also initial positions of local

SDFs. The scaling vectors sinit of local SDFs are initialized

as [ln(sv), ln(sv), ln(sv)]
T . We perform principal compo-

nent analysis (PCA) on neighbor points to estimate the nor-

mals n of support points and correct these normals toward

the data acquisition sensor. Then, the initial rotation vectors

rinit are derived by:

rinit = α · rb, α =< zaxis · n >, rb = zaxis × n, (6)

where zaxis = [0, 0, 1]T . That makes n become the z-axis

of the local coordinate system of each local SDF. The basis

SDF F init
θ is initialized to an implicit plane.

grid index

observation range

(a)                                                                   (b)

Figure 3. In an iteration, our parallel local SDF detection algo-

rithm (a) first selects candidate local SDFs according to the current

observation range, (b) then constructs a grid index suitable for par-

allel retrieval in the bounding box determined by these candidates,

and finally detects local SDFs in the voxel where each sampled

point is located in parallel.

3.2. Parallel local SDF detection for sample points

Fast detection of local SDFs where each sampled point

is located is vital for the proposed unordered representa-

tion to enable large-scale 3D mapping. The common prac-

tice is to leverage special data structures like R-trees [2, 8],

but their construction speed fails to meet the real-time de-

mands of local SDF updates. Existing point-based methods,

such as Point-NeRF [47] and Point-SLAM [35], utilize in-

efficient closest neighborhood searching, limiting them to

small scenes. Although PIN-SLAM [30] enhances neigh-

borhood querying through a hash index, it sacrifices the in-

herent adaptivity of point-based representations.

The recently rising 3DGS [16] has inspired us, which

employs a highly efficient rasterizer for 3D Gaussians to

achieve real-time rendering. Its core mechanism involves

parallel detection of 2D Gaussians at the locations of regu-

lar image pixels in 2D screen space. In contrast, we focus

on the parallel detection of 3D local SDFs at the locations

of unordered sampled points in 3D space. Drawing on the

insight of the similarity between these processes, we intro-

duce a novel parallel algorithm specifically tailored for our

representation. The algorithm is implemented using CUDA.

We start with simplifying local SDFs as oriented bounding

boxes determined by the geometric parameters {x, r, s} and

the radius m, followed by selecting candidate local SDFs

according to the current observation range of a sensor, such

as a LiDAR or a depth camera, as shown in Fig. 3(a). Then,

a regular grid is built covering these candidates. Subse-

quently, we instantiate each local SDF by signing keys for

the candidates according to the IDs of intersected grid vox-

els. After that, these instances are sorted by their keys and

stored in an array. We identify the first and last instances in-

tersecting each grid voxel in the sorted array. At this stage,

a grid index suitable for parallel retrieval is established, as

illustrated in Fig. 3(b). Finally, for each sampled point in

the observation range, we only need to detect the local SDFs

in the voxel where the sampled point is located. As shown
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Figure 4. Prune-and-expand strategy.

in Fig. 3(b), local SDF detection is performed for four sam-

pled points in parallel. An overview of our algorithm is

presented in Suppl 1.

3.3. Prune-and-expand strategy

In this section, we introduce a prune-and-expand strat-

egy to enhance the adaptivity of our representation further.

First, we observe that the support points extracted from the

scene point clouds can contain significant noise, such as that

introduced by dynamic objects, and some may deviate from

the geometric surface during training. This will compro-

mise the accuracy of the reconstruction. Therefore, we re-

move the support points where the absolute values of their

SDF values exceed a threshold dth in the training process,

as presented in Fig. 4(b). However, the subsequent prob-

lem is that removing the support points leads to a consid-

erable loss of local SDFs, which hampers the completeness

of the reconstruction. To address this, we aim to generate

new local SDFs in the underfitting regions. We find that the

local SDFs in these areas exhibit significant gradients ∇xe
on planes (named e) orthogonal to the normals of the sup-

port points, as illustrated in Fig. 4(a). If the norms |∇xe|
exceed a threshold xth (set to 2 × 10−4), new local SDFs

will be created, as shown in Fig. 4(b). When the maximum

scaling value se on the e-plane is less than a threshold sth
(set to 0.8sv), we clone a new local SDF along ∇xe. And

when se is larger than sth, we split the local SDF into two

smaller ones. The above process produces significantly dif-

ferent results from the densification strategy employed in

3DGS [16]. The densification of 3DGS leads to an extreme

increase in Gaussians, whereas ours tends to remove more

outlier local SDFs, resulting in reduced memory consump-

tion (Tab. 4).

3.4. Training

As described in Sec. 3.1, a spatial hash grid has been

constructed near the geometric surfaces. Then, we sample

M points in the hash grid along rays [37], as shown in Fig.

2(e). Given a sampled point p, an SDF value S can be

queried from our representation. Subsequently, we obtain

the SDF label Sgt according to the distance from the sam-

pled point to the endpoint along the ray. Finally, the loss

function is defined as follows:

L =

{
|S − Sgt|+ λ(||∇pS||2 − 1)2, if |Sgt| < tr

|S − tr|, otherwise ,

(7)

where tr is a truncation distance, λ is a weight factor set to

0.02. In fact, the loss function makes our representation be-

come a truncated signed distance function (TSDF). During

training, the prune-and-expand is performed every 200 iter-

ations. For more efficient backward computing, we derive

the gradients of Eq. 2 and implement them with CUDA (see

Suppl. 2 for derivation details).

4. Experiments

Settings. We compare our approach with a wide range of

3D mapping methods, including VDB-Fusion [42], SPSR

[13], NKSR [11], SHINE-Mapping [52] and PIN-SLAM

[30], in large-scale indoor scenes and outdoor scenes. We

adopt the commonly used metrics [39] named accuracy

(Acc.) in centimeter (cm), completeness (Comp.) in cm,

precision (Prec.) in percent (%), recall in %, and F-score

in %, where Prec., recall and F-score are presented with

a 10cm error threshold in indoor scenes and a 20cm error

threshold in outdoor scenes. We also evaluate the mem-

ory consumption for map representation (MC) in megabytes

(M ). All experiments are conducted on a single RTX4090

GPU. More setting details are presented in Suppl. 3.

4.1. Evaluation in indoor scenes
We randomly select five scenes from a large-scale in-

door RGB-D dataset, Matterport3D [4], as the experimental

data. Tab. 1 presents the quantitative results in the dataset,

where the values are averages of the results assessed in

these scenes. Fig. 5 shows the results evaluated in a three-

story loft (See Suppl. 4 for more results). The experimen-

tal results demonstrate that our approach achieves state-of-

the-art 3D reconstruction performance in large-scale indoor

scenes with less than 1/6 of memory consumption for map

representation. Compared to NKSR and SHINE-Mapping,

which depend on high-dimensional latent features, our ap-

proach eliminates this reliance, significantly reducing the

memory footprint. Although VDB-Fusion and SPSR do not

rely on latent features, they need to allocate a large number

of data nodes to enhance the expressiveness, leading to a

substantial increase in memory usage. In contrast, the ex-

pressiveness of our method comes from the adaptivity of our

point-based representation and the data-driven basis SDF,

avoiding excessive memory consumption.

4.2. Evaluation in outdoor scenes
We evaluate the 3D mapping performance of our ap-

proach in large-scale outdoor scenes on three LiDAR
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VDB-Fusion (F-score: 87.4, MC: 67.4)               SPSR (F-score: 91.8, MC: 87.0)                   NKSR (F-score: 92.6, MC: 97.9) 

SHINE-Mapping (F-score: 92.8, MC: 145.6)         Ours (F-score: 92.8, MC: 10.9)                             ground truth mesh
Figure 5. Experimental results evaluated in a three-story loft (about 11.8m × 21.8m × 11.7m) in the Matterport3D dataset. The recon-

structed meshes are colored by surface normals.

Method Acc.↓Comp.↓Prec.↑Recall↑F-Score↑ MC↓
VDB-Fusion 4.6 5.4 90.3 92.5 91.3 112.5

SPSR 5.0 3.8 91.1 96.8 93.8 80.5

NKSR 4.7 3.8 92.1 96.5 94.2 128.9

SHINE-

Mapping
4.9 3.7 90.1 95.8 92.8 167.4

Ours 4.3 3.7 92.3 96.5 94.4 13.7

Table 1. Quantitative results of different methods evaluated on the

Matterport3D Dataset.

datasets, including the Newer College dataset [34], a self-

collected street-level dataset (See Suppl. 3.1 for detailed

description), and the KITTI-360 dataset [19]. The quantita-

tive results listed in Tab. 2 demonstrate that our approach

achieves state-of-the-art mapping performance (F-score) in

the Newer College dataset while utilizing less than 1/5 of

the memory footprint for map representation compared to

the previous advanced methods. The best mapping perfor-

mance (F-score) mainly benefits from the high accuracy,

as Acc. and Prec. indicated. Fig. 6 shows the qualita-

tive results evaluated in the scene of Math Institute in the

Newer College dataset. VDB-Fusion, SPSR, and NKSR in-

troduce artifacts associated with dynamic objects, as high-

lighted in the black dashed circles. SHINE-Mapping ex-

hibits notable robustness against dynamic elements, result-

ing in cleaner meshes. Our method shares this advantage

with SHINE-Mapping, while concurrently eliminating in-

consistent meshes and achieving improved accuracy, as ev-

idenced by the error maps. PIN-SLAM is sensitive to noise

and yells uneven surfaces, which are also incomplete, as

shown in the orange dashed box. In comparison, ours deliv-

ers a smoother result, primarily through the full utilization

of the adaptability inherent in point-based representations.

Fig. 7 shows the results evaluated in a street scene in

the street-level dataset. In this experiment, we adjust the

memory footprint of other methods to be as close to that

of ours as possible. VDB-Fusion produces many fragment

meshes. The outputs of SPSR and NKSR tend to be overly

smooth, resulting in a loss of crucial geometric details. This

is particularly evident in NKSR, which shows an obvious

decrease in F-score. PIN-SLAM has an F-sore close to

ours, but its produced mesh is too noisy. While SHINE-

Mapping can generate a visually plausible result, it signif-

icantly sacrifices accuracy, as indicated by the error maps.

Our method achieves the best reconstruction performance

due to its compact presentation and excellent expressive-

ness. See Suppl. 4.2 for more results.

The qualitative results evaluated on the KITTI-360

dataset are shown in Fig. 1. In the kilometer-level scene,

our method continues to deliver the best mapping perfor-

mance with less than 1/5 memory footprint. The meshes

generated by SPSR suffer from bulging, mainly due to its

sensitivity to the accuracy of point normals, which tend to

be poorly estimated from the noisy point cloud. NKSR yells

extremely redundant meshes. VDB-Fusion introduces arti-

facts of dynamic objects. SHINE-Mapping and PIN-SLAM

produce uneven road surfaces. In contrast, our method is

more robust to normal noise and dynamic objects and pro-

duces more consistent and smoother results. See Suppl. 4.2

for more results.

Running time. As listed in Tab. 3, for 100 thou-

sand sampled points, our parallel local SDF detection al-

gorithm achieves millisecond-level running efficiency and

our CUDA-improved backward computing is twice as fast

as the native backward computing implemented in Pytorch,

which facilitates the real-time updates of local SDFs.

4.3. Ablation study

Geometric parameters. As shown in Table 4, the up-

date of geometric parameters significantly enhances map-
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Method
Quad Math Institute

Acc.↓ Comp.↓ Prec.↑ Recall↑ F-Score↑ MC↓ Acc.↓ Comp.↓ Prec.↑ Recall↑ F-Score↑ MC↓
VDB-Fusion 11.8 8.4 85.9 96.9 91.1 20.7 12.1 13.5 79.8 88.3 83.8 43.9

SPSR 11.2 9.7 87.8 96.1 91.8 39.6 11.6 31.8 80.6 85.5 83.0 112.3

NKSR 12.3 8.9 86.1 96.7 91.1 368.5 11.9 13.3 80.2 89.8 84.7 408.7

SHINE-Mapping 11.6 7.8 85.6 97.5 91.2 15.8 12.9 9.9 77.0 92.5 84.0 33.8

PIN-SLAM 13.3 8.8 82.7 94.6 88.3 18.8 16.6 12.7 68.1 84.4 75.4 42.9

Ours 9.7 9.7 89.4 96.3 92.7 3.3 11.2 20.3 82.4 88.5 85.3 8.0
Table 2. Quantitative results of different methods evaluated on the Newer College Dataset. The range of Quad is about 52.5m× 71.3m×
21.1m and the range of Math Institute is about 103.1m× 109.0m× 19.0m.

VDB-Fusion SPSR NKSR PIN-SLAM

SHINE-Mapping Ourserror map error map
0

20
cm

0

20
cm

Figure 6. Qualitative results evaluated in the scene of Math Institute in the Newer College dataset. The reconstructed meshes are colored

by surface normals. The error maps show the error distribution with the ground truth point cloud as a reference, where the redder areas

mean larger errors up to 20cm.

VDB-Fusion (F-score: 81.1, MC: 9.5) SPSR (F-score: 76.6, MC: 9.7) NKSR (F-score: 36.9, MC: 13.6) PIN-SLAM (F-score: 87.1, MC: 8.5)

SHINE-Mapping (F-score: 77.2, MC: 8.6) Ours (F-score: 88.6, MC: 4.1)error map (Prec.: 66.4) error map (Prec.: 87.6)
0

20
cm

0

20
cm

Figure 7. Experimental results evaluated in a street scene (about 235m long) in the street-level dataset. The reconstructed meshes are

colored by surface normals. The error maps show the error distribution with the ground truth point cloud as a reference, where the redder

areas mean larger errors up to 20cm.

ping performance. With the sequential introduction of each

geometric parameter, the F-score progressively improves,

mainly due to a marked increase in precision. This incor-

poration fully leverages the adaptability of point-based rep-

resentations, resulting in substantial performance gains in

3D mapping. These improvements are also attributed to our

parallel local SDF detection algorithm, which enables the

real-time updates of these geometric parameters.

Prune-and-expand. As shown in Table 4, our prune-

and-expand strategy provides a boost to mapping perfor-
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Process
local SDF

detection

Backward

(CUDA)
Total

Backward

(Pytorch)

Time 8 ms 26 ms 75 ms 51 ms

Table 3. The running time of main modules in one iteration during

training, which are evaluated in Math Institute in Newer College

dataset for 100 thousand sampled points.

Method Prec.↑ Recall↑ F-Score↑ MC↓
w/o geo 77.8 87.8 82.5 9.9

+rot 80.0 90.0 84.7 9.9

+rot+scale 81.5 88.8 85.0 9.9

+rot+scale+pos 82.3 88.4 85.2 9.9

Ours (+geo+pe) 82.4 88.5 85.3 8.0
Table 4. Quantitative ablation results for geometric parameters and

prune-and-expand strategy evaluated in Math Institute. ”geo” de-

notes all geometric parameters, ”rot” denotes rotation parameters,

”scale” denotes scaling parameters, ”pos” denotes position param-

eters, and ”pe” denotes prune-and-expand.

0

20
cm

0

20
cm

w/o prune-and-expand

w prune-and-expand
Figure 8. Qualitative ablation results for prune-and-expand eval-

uated in Math Institute. The left shows the error maps of support

points, where the bluer points mean larger errors up to 20cm. The

right shows the close-ups of the reconstructed meshes.

mance in terms of both accuracy and completeness while

concurrently reducing memory consumption. The reason is

that the remove operation deletes most of the outlier support

points, and clone and split operations complete the under-

reconstructed regions, as presented in Fig. 8. This further

enhances adaptability and expressiveness. The reduction

in memory footprint results from the fact that more sup-

port points are removed than added, which significantly dif-

fers from the densification results of 3DGS [16]. According

to the above results, our prune-and-expand strategy can be

viewed as a form of parameter regularization.

Support point initialization. As illustrated in Fig. 9, we

initialize support points by voxel-downsampling the scene

point cloud with the voxel size sv = 1.0m, 0.3m, and 0.2m,

respectively. The memory footprint increases in order. Nev-

(a) 1.0m

F-Score: 91.7, MC: 0.4

(b) m

F-Score: 92.7, MC: 3.3

(c) m

F-Score: 92.1, MC: 10.1

Figure 9. Ablation results for support point initialization evaluated

in Quad.

ertheless, the F-score shows a trend of increasing and then

decreasing. When the number of parameters is low, under-

fitting results will be produced. As shown in Fig. 9(a), the

wall is too smooth and the ground has holes. When the

number of parameters is high, overfitting results will be de-

livered. As shown in Fig. 9(c), the reconstructed wall is

too noisy. When the number of parameters is moderate, the

desired results can be generated, as shown in Fig. 9(b).

5. Conclusion and future work

In this paper, we have presented 3D-SLNR, a super

lightweight neural representation with excellent perfor-

mance for large-scale 3D mapping. The representation in-

troduces a new map structure that leverages a set of band-

limited local SDFs to define a continuous and differentiable

global SDF near the geometric surfaces. Each local SDF

is determined only by the MLP-parameterized basis SDF

and three geometric parameters, eliminating the need for

latent features and significantly reducing the number of pa-

rameters. Furthermore, we introduce a novel parallel lo-

cal SDF detection algorithm tailored for our representation

to ensure the real-time updates of the local SDFs. This

allows our method to fully exploit its adaptivity, enhanc-

ing expressiveness. Additionally, we develop a prune-and-

expand strategy to remove outlier support points and refine

under-reconstructed regions, functioning as a form of pa-

rameter regularization and further improving overall map-

ping performance. Our method achieves state-of-the-art 3D

mapping performance with an exceptionally low memory

footprint, spanning various large-scale environments, from

indoor and outdoor scenes to kilometer-level landscapes.

In future work, we will further optimize the running ef-

ficiency and integrate the representation into a simultane-

ous localization and mapping (SLAM) system for online

city-scale reconstruction. Besides, exploring open-scene

3D generation based on our representation presents a po-

tential research direction.
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