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NISB-Map: Scalable Mapping With Neural
Implicit Spatial Block

Beichen Xiang , Graduate Student Member, IEEE, Yuxin Sun, Zhongqu Xie , Xiaolong Yang , and Yulin Wang

Abstract—Recently, neural implicit representations have been
applied in the mapping process of simultaneous localization and
mapping (SLAM), accompanied by less storage overhead and
continuous representation. Nevertheless, related methods use a
single neural network to represent the whole scene, resulting in
forgetting the observed regions caused by the limited capacity of a
single network in the large-scale scene. Several methods encode the
scene into implicit voxels to avoid parameter forgetting while the
memory is sacrificed. In this letter, we introduce a scalablemapping
framework that utilizes extensible Neural Implicit Spatial Blocks
(NISB) with fixed size to cover the entire scene by incrementally
creating multiple Multi-Layer Perceptron (MLP) networks. In
evaluations against alternative methods on 3 datasets of indoor
environments, our method Avoids forgetting the observed areas
during the mapping process with a small memory footprint and
smoothly updates the global map at 2 Hz.

Index Terms—Deep learning for visual perception, mapping.

I. INTRODUCTION

MAPPING plays a vital role in many applications on
mobile robots, from autonomous driving and drone flight

to target retrieval and relocation. Even though classical methods
such as point clouds, voxel grids, surfels, and signed distance
fields (SDF) can realize real-time volumetric representation by
saving as discrete maps, it is tough to achieve a balance between
memory consumption and mapping resolution in the process
of large-scale scene mapping, resulting in the bottleneck of 3D
scene understanding and global foothold planning for robots.
Neural implicit representation has shown promising influ-

ences on object tracking [1], navigation [2], and volumetric
reconstruction [3], [4], [5], especially when neural radiance field
(NeRF) [6] emerges as a compelling strategy for learning to
render a novel view. NeRF [6] utilizes a continuous volumetric
function, parameterized as a compact multilayer perceptron
(MLP), to map from each 5D coordinate (3D position and 2D
view direction) to volume density and view-dependent emitted
color flexibly, ensuring the continuity and efficiency of the data.
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Several methods [7], [8] extend NeRF [6] to complex scenes,
but the geometric consistency of scene is challenging to be
guaranteed in featureless surfaces, so concurrent works [9], [10]
incorporate depth priors to render density to near-surface regions
on novel view synthesis. Accompanied by the continuous prop-
erty of volumetric function in NeRF [6], some works [11], [12]
show applicability in semantic representation with mismatch
semantic correction and autonomous prediction with few sam-
ples. However, restricted by the model capacity, most of the
abovementioned methods are difficult to scale up to large-scale
scenes.
To address the limitation of one single network, one direct

way is to use multiple networks to represent the whole scene.
KiloNeRF [14] divides the scene into thousands of tiny MLP
networks with a single large-capacity MLP as a teacher before-
hand. Wu et al. [15] separate the indoor scene into many small
tiles containing two tiny MLP networks to capture complex
appearancehighlightswith fewer training images.Avoxel octree
for each view-independent MLP is implemented to fulfill fast
rendering. Acron [16] divides a scene into multiple adaptive
blocks by solving an Integer Linear Problem to focus on compu-
tation on harder regions. Combinedwith appearance embedding,
Block-NeRF [17] places multiple overlapping NeRFs [6] at
each intersection to realize city-scale representations without
weather and lighting influence. However, focuses on detailed
reconstruction with dense samples results in training in hours
even days, which cannot meet the needs of online mapping for
robots.
iMAP [18] is the first SLAM pipeline using neural implicit

representation for both mapping and tracking, while iSDF [19]
puts more emphasis on mapping neural sign distance fields
in SLAM problems combined with poses from state-of-the-art
visual odometry. With depth measurements and sparse active
sampling, both achieve almost real-time mapping capability.
However, observed regions forgetting caused by limited sin-
gle network capacity still restricts the possibility of applying
to large-scale scenes. By encoding the scene into hierarchical
implicit voxel grids, NICE-SLAM [20] dexterously avoids pa-
rameter forgetting. Nevertheless, the memory of hierarchical
implicit voxel grids with 32 dimensions is needed more than
pure MLP networks. Similarly, InstantNGP [21] encodes the
scene into the multiresolution hash voxel vertices to realize the
real-time reconstruction. However, to maintain a similar recon-
struction quality in large room-scale reconstruction, the hash
table size increases exponentially while the memory footprint
grows linearly with the hash table size.
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Fig. 1. Mapping in an Indoor Office over 200 m2. The data is captured by a
custom visual odometry, which is adapted from ORB-SLAM3 [13]. The blue
trajectory is the visual odometry output, while the red one is optimized by our
method. NISB-MAP reduces the cumulative drift during the mapping process
and smoothly reconstructs the entire scene.

Different from encoding into voxels, we seek to leverage
multiple small Multi-Layer Perceptron (MLP) networks repre-
senting neural implicit spatial blocks (NISB) to realize scal-
able mapping for large-scale indoor scenes with small memory
consumption. To this end, we introduce NISB-MAP. Given a
stream of posed RGB-D images, we dynamically create NISBs
withfixed cube sizes, separating the large-scale environment into
multiple small spatial blocks. Combined with sparse sampling
strategies with depth priors, NISB-MAP keeps low memory
consumption and a relatively fast learning speed. We found that
sparsely sampling each ray results in different output density
levels at the same location within two adjacent spatial blocks’
overlap regions, leading to density discontinuity between ad-
jacent blocks. For boundary artifacts caused by different den-
sities between any two adjacent NISBs, we set each NISB to
overlap with each other and apply knowledge distillation to
overlapping areas to ensure geometric continuity.Byminimizing
the re-rendering losses, each NISB w.r.t. the current frame is
optimized in turn. Optionally, with semantic masks as additional
input, our method is also capable of implicit semantic represen-
tations and culling specified objects in NISBs. In evaluation
against neural-implicit-representation-based mapping methods,
we show the scalability of our method on two RGB-D datasets
and a self-captured large-scale indoor dataset.
In summary, we make the following contributions:
� An incremental mapping framework is proposed to com-
pensate for the non-scalability of current mappingmethods
based on neural implicit representations in the large-scale
indoor environment.

� The ability to automatically keep the output density of any
two adjacent NISBs at the same level with the assistance
of block distillation.

� Experimental tests in the self-captured dataset (as shown
in Fig. 1) demonstrate that our method allows work in the
real environment and can reduce the cumulative drift from
the visual odometry with stepwise optimization.

Fig. 2. Overview of the NISB-MAP. Arrows of the same color are transmitted
at the same time step.

II. METHODS

We focus on mapping rather than the full SLAM problem
and therefore assume there is an external tracking process.
Fig. 2 illustrates the operation process of the NISB-MAP. With
a stream of RGB-D posed frames captured by a moving cam-
era and corresponding semantic masks (optional). NISB-MAP
automatically generates overlapping spatial blocks by searching
within the current viewing frustum (II-A). Each spatial block
(II-B) searches for relevant keyframes through active sampling
and obtains a series of spatial points from the rays (II-C). Then
the relative spatial block outputs the density, color, and semantic
logit (optional) of the corresponding position to render the final
results of each ray (II-D). When training the new block, we
apply knowledge distillation to the areas that overlap with the
previous block to ensure continuity (II-E). Finally, NISB-MAP
incrementally optimizes the weights and camera poses w.r.t. the
current spatial block by the stepwise optimization strategy (II-F).
After optimizing all NISBs w.r.t. the current frame, the system
waits for the next frame as input.

A. Incremental NISB Searching and Creation

Inspired by Block-NeRF [17], we place the whole environ-
ment within multiple cube NISBs with a 50% overlap between
any adjacent NISBs to ensure the consistency of scenes. Once
receiving a new RGB-D frame with pose Tc, we uniformly
sample N pixels and calculate the ray direction:

ri = TcK
−1 [ui, vi] , i ∈ {1, . . . , N} , (1)

With the depth valueDi of the corresponding ray and the dis-
tance value tfar set by the valid distance of the RGB-D camera,
each ray uniformly samplesM points from 0 tomin{Di, tfar}
distance:

xij = oc + tjri, j ∈ {1, . . . ,M} , (2)

According to the center positionpk, k ∈ {1, 2, . . .}w.r.t. relative
NISBs, and the distance a between any two adjacent NISBs, we
search for all NISBs related to the current viewing frustum by
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judging whether there is a NISB to accommodate the sampled
points:

‖xij − pk‖∞ ≤ a/2. (3)

NewNISBswill be created if correspondingNISBs are not found
in the current viewing frustum. In all experiments we set N =
16,M = 4, tfar = 4 m, and a = 4 m.

B. Single Neural Implicit Spatial Block Architecture

Similar to the network architecture in iMAP [18], each NISB
is composed of anMLPnetworkwith 4 128-width hidden layers,
outputting the color c and the density σ for the spatial position
x with:

Fθ (x) = (c, σ) , (4)

where θ is network parameters. Following iSDF [19], we ap-
ply the “off-axis” positional embedding mentioned in [22] to
transform 3D coordinates into high dimensional vectors before
serving as input to the MLP network:

γ(x) =
(
α
(
20Ax

)
, . . . , α

(
25Ax

))
, (5)

where the function α(·) = (sin(·), cos(·)), and A ∈ R21×3 is
the unit-norm vertices of a twice-tessellated icosahedron. Fθ

also outputs a feature vector g from the last hidden layer. If the
input also has 2D semantic labels, the secondMLP networkwith
64 activations for each hidden layer is activated and takes the
feature vector and embedding as input to output the semantic
logit s with:

Fω (g, γ(x)) = s. (6)

We use Tiny-cuda-nn [23] to replace raw networks imple-
mented in PyTorch [24] to speed up the optimization process.

C. Active Sampling

Keyframe Selection: Within the associated NISBs of the
current frame, we use a hybrid keyframe selection method to
dynamically add keyframes by considering both the information
gain from iMAP [18] and the variation of position and anglew.r.t.
to the previous keyframe. Based on the keyframe depth values
and pose, we maintain an index table to relate each keyframe to
its corresponding NISBs for the following keyframe sampling.
Keyframe Sampling: Similar to iMAP [18], we actively

sample keyframes to mitigate the network forgetting problem.
For each NISB associated with the current frame, we follow
iSDF [19] to sample Nfm frames at each iteration. In addition
to the current frame,Nfm − 1 keyframes are randomly sampled
from the loss distribution formed by the normalized running loss
of each keyframe in the current NISB’s keyframe set.
Ray Sampling: We randomly sample Npix pixels for each

selected frame and then calculate the ray direction r for each
pixel with (1). If 2D semantic labels are available, specified
pixels are culled to reduce the impact of dynamic objects. For
each ray with the depth valueD, we sampleMray = Mstrat +
Msurf distance values ti, i ∈ {1, . . . ,Mray} along the ray. The
distance values are composed of Mstrat stratified samples in
the range [0,min{D, tfar}], andMsurf random samples in the

Fig. 3. Mapping Results with Drifting Poses. The green trajectory is the input
poseswith drifts, while the blue one and the red one are the ground-truth and opti-
mized poses respectively.Mapping processes in iMAP** andNICE-SLAM [20]
are unable to handle cumulative drift.

surface interval [0.9D, 1.1D]. Combinedwith the corresponding
frame poses, we calculate the 3D coordinates of the sampled
points xi on each ray with (2).

D. Volume Rendering

Based on the valid boundary of the current NISB Bk =
{x|‖x− pk‖∞ ≤ 3a/4}, we filter the valid rays by judging
whether the current depth point of each ray xD ∈ Bk. Then
withMray points xi of each valid ray, we get radiance (ci, σi)
and semantic logit si by (4) and (6):

(ci, σi, si) =

{
(Fθ (xi) , Fω(gi, γ(xi))) , if xi ∈ Bk

(0, 0, (1, 0 . . . , 0)) , otherwise.
(7)

Finally, we follow [18], [11] to render the depth D̂, the color
Î, and the semantic logit Ŝ of each ray:

D̂ =

Mray∑
i=1

ωidi, Î =

Mray∑
i=1

ωici, Ŝ =

Mray∑
i=1

ωisi, (8)

where ωi = oi
∏i−1

j=1 (1− oj) denotes the ray termination prob-
ability along the ray; oi = 1− exp(−σiδi) is the occupancy
probability; δi = ‖xi+1 − xi‖ is the distance between adjacent
points.

E. Block Distillation

During themapping process, we found that individually train-
ing each NISB with sparse samples and few iterations tends to
result in different density levels between two adjacent blocks.
Inspired byKiloNeRF [14], distillation for the overlapping areas
between NISBs is applied to diminish the density gap.
Different from pretraining a global NeRF [8] as the teacher

model in KiloNeRF [14], we use the last trained NISB as the
teacher and only distill the knowledge within the areas that
overlapwith the currentNISB.Computation costs and time spent
on training an additional global NISB are saved. Points within
the overlapping area are selected from samples in II-C.We query
both of NISBs to obtain the respective occupancy probability

Authorized licensed use limited to: NANJING UNIVERSITY OF SCIENCE AND TECHNOLOGY. Downloaded on October 18,2023 at 02:49:25 UTC from IEEE Xplore.  Restrictions apply. 

IEEE Robotics and Automation Letters (RA-L) paper, presented at ICRA 2024, Yokohama, Japan. Cite as RA-L paper.

IEEE Robotics and Automation Letters (RA-L) paper, presented at ICRA 2024, Yokohama, Japan. Cite as RA-L paper.



4764 IEEE ROBOTICS AND AUTOMATION LETTERS, VOL. 8, NO. 8, AUGUST 2023

Fig. 4. Mesh outputs for replica [26].

Fig. 5. Mesh outputs for ScanNet [25].

olasti , ocuri and optimize the current NISB’s parameters using
L1 loss between them.

F. Stepwise Optimization

Pose refinement: Considering the cumulative drift brought
by the visual odometry, we use a cumulative drift correction
parameter D ∈ R4×4, which is initialized as an identity matrix
before the first frame. Before optimizing each NISB, we update
each raw input pose Traw to Tc by:

Tc = DTraw. (9)

For all NISBs associated with the current frame, it is diffi-
cult to ensure each has enough depth points within its valid
range, resulting in incorrect pose optimization with insufficient
measurements. For NISBs related to the current frame, we sort
NISBs in descending order depending on the number of sampled
points within each block and optimize each block one by one.
If more than 60% of Npix rays sampled from the current depth
image terminate in the current NISB space, the current frame
pose Tc is treated as the optimizable parameter and jointly
optimizedwith the currentNISB.Tc is updated by the optimized

output at the end of the current NISB’s optimization. We use
the updatedTc as input to start optimizing the next NISB. After
finishing optimizing allNISBs associatedwith the current frame,
we update the current correction parameter by:

D = TcT
−1
raw. (10)

Optimization: Followed by [18], we take the geometric loss Lg

and the photometric loss Lp to scene reconstruction. Addition-
ally, the free-space lossLfs and the distillation lossLdt are used
for removing artifacts caused by sparse samples. We divide the
optimization into 3 steps to sequentially optimize the current
camera poses Tc, scene geometry parameters θ, and semantic
parameters ω (optional). In the first step, we optimize Tc with
Fθ and Fω frozen by considering the geometric loss Lg and
the photometric loss Lp. In the second step, we simultaneously
optimize the pose of Nfm frames with Fθ, while freezing Fω.
In addition to Lp and Lg , Lfs and Ldt are also taken into
consideration. At last, if semantic masks are available, Ldt and
the cross-entropy lossLs applied in [11] are used to optimize ω.

Lg measures the L1 loss between the rendered depths D̂i and
the observations Di for Nvd valid rays which terminate within
the boundary of NISB:

Lg =

(
Nvd∑
i=1

∣∣∣D̂i −Di

∣∣∣
)/

Nvd. (11)

Lp measures the L1 loss between the rendered color Îi and the
observations Ii for valid rays:

Lp =

(
Nvd∑
i=1

∥∥∥Îi − Ii

∥∥∥
1

)/
Nvd. (12)

The cross-entropy lossLsmeasures the rendered semantic logits
Ŝi and the observed labels Si for L classes:

Ls = −
Nvd∑
i=1

L∑
l=1

Sl
i log

(
softmax

(
Ŝl
i

))
. (13)

Based on Nfs rays passing through the current NISB space
and the corresponding farthest distance tbd of each ray to the
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current NISB’s boundary, free-space loss Lfs is applied toMin

occupancy probability values oij , which are predicted fromMin

samples beneath min{0.8D, tbd} on each ray:

Lfs =

⎛
⎝Nfs∑

i=1

⎛
⎝
⎛
⎝Min∑

j=1

oij

⎞
⎠/Min

⎞
⎠
⎞
⎠/Nfs. (14)

As mentioned in II-E, we take the distillation loss Ldt in
overlapping areas to ensure both NISBs have similar densities.
For Nol rays passing through current overlapping areas, we
select Mol points from sampled points within the overlapping
areas on each ray:

Ldt =

⎛
⎝Nol∑

i=1

⎛
⎝
⎛
⎝Mol∑

j=1

∣∣olastij − ocurij

∣∣
⎞
⎠/Mol

⎞
⎠
⎞
⎠/Nol.

(15)
The optimization is achieved by minimizing the objective

function L. During current iteration ec in ea iterations, L is
formed by:

L =

⎧⎪⎪⎪⎨
⎪⎪⎪⎩

λgLg + λpLp, if ec < tpea

λgLg + λpLp+

λfsLfs + λdtLdt, if tpea ≤ ec < tgec

Ls + λdtLdt, otherwise.

(16)

We use ADAM optimizer for the objective function L with
multiple weighting factors λg , λp, λfs, λdt, and iteration thresh-
olds tp, tg .

III. EXPERIMENTS

A. Experiment Setups

Datasets: We perform experiments on ScanNet (V2) [25],
Replica [26], and the self-collected dataset. ScanNet [25] and
Replica [26] both contain ground-truth camera poses, RGB-D
frames, and surface reconstructions except that ScanNet [25]
also has semantic masks. To simulate the cumulative drift pro-
duced by the visual odometry on ScanNet [25] and Replica [26],
the ground-truth pose of each new frame is multiplied by the
cumulative drift before input, and the cumulative drift has a 20%
probability of producing additional slight drift. In addition, we
construct RGB-D visual odometry based on ORB-SLAM3 [13]
and capture a large-scale indoor visual sequence using the Re-
alSense d455 camera. Optionally, to generate initial semantic
labels, we also pre-train a 2D semantic segmentation network
based on MobileNetV3 [27].
Metrics: 3D metrics are used to evaluate the scene geometry.

We follow iMAP [18] to consider Accuracy [cm], Completion
[cm], and Completion Ratio [< 5 cm%] for 200,000 points from
both ground-truth and reconstructed mesh. Following NICE-
SLAM [20], we remove unseen regions that are not inside any
camera’s viewing frustum. For the evaluation of pose refinement,
we use ATE RMSE [28] for trajectories with drifting poses. By
default, each result is the average of 5 runs.
Baselines:We compare NISB-MAP with TSDF Fusion [29],

iMAP [18], and NICE-SLAM [20]. Since iMAP [18] does not
release the source code, We re-implemented iMAP** based on

TABLE I
POSE REFINEMENT RESULTS. ATE RMSE [CM] ↓ IS USED AS THE EVALUATION

METRIC ON REPILCA [26] AND SCANNET [25]

TABLE II
RECONSTRUCTION RESULTS ON REPLICA [26]. (AVERAGE OVER 6 SCENES)
MEMORY [MB] REFERS TO THE SIZE OF NETWORK PARAMETERS, WHILE THE
SIZE OF IMPLICIT GRIDS ARE ALSO INCLUDED IN NICE-SLAM [20]. ACC.,
COMP., AND COMP. RATIO ARE MEAN ACCURACY [CM], COMPLETION [CM],

AND COMPLETION RATIO [<5 CM %] RESPECTIVELY

iMAP* [20], replacing the random keyframe selection with the
active sampling mentioned in iMAP [18]. As shown in Table II
and Fig. 4, iMAP** has a similar reconstruction performance
to iMAP [18] in terms of metrics and mesh outputs. For a fair
comparison, the tracking process is removed from iMAP** and
NICE-SLAM [20] while they both have the pose refinement
ability in themapping process. Allmethods use the same drifting
trajectories for pose refinement evaluation. Semantic ability is
deactivated in comparisons with baseline methods. We extract
mesh with Marching Cubes algorithm [30].
Implementation Details:We run our method on a PC platform

with an Intel i7-13700 K CPU and an NVIDIA RTX 4080
GPU.We setNfm = 3 frame samples per iteration,Npix = 200
pixel samples per frame,Mstrat = 20 uniform samples per ray,
Msurf = 12 surface samples per ray, iteration times ea = 12, it-
eration thresholds tp = 0.33, tg = 0.83, weighting factors λp =
0.4,λg = 1,λfs = 0.02, andλdt = 0.1 in all experiments. Since
each NISB has the same valid boundary, 3D point coordinates
input to the current NISB are transformed to the corresponding
coordinate frame andnormalized to the [0, 1] range. iMAP** and
NICE-SLAM [20] adopt the same sampling and hyperparameter
settings mentioned in [18] and [20] except that the number of
Npix, and ea are set the same with our method. The voxel size
of TSDF Fusion is set as 0.04 m.

B. Pose Refinement Evaluation

We evaluate pose refinement capabilities on both Scan-
Net [25] and Replica [26]. As shown in Table I and Fig. 3,
even though iMAP** and NICE-SLAM [20] are able to refine
pose, they are difficult to deal with cumulative drift. Our method
successfully reduces cumulative drift to reconstruct the scene.
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TABLE III
RECONSTRUCTION RESULTS ON SCANNET [25]. MEMORY [MB] IN TSDF FUSION REFERS TO THE SIZE OF THE VOXEL GRIDS

Fig. 6. Mesh outputs for large-scale scene.

C. Mapping Evaluation

Evaluation on Replica [26]: We use the same RGB-D se-
quences used in [18] with ground-truth trajectories. In Table II,
the performance of our method is similar to that of NICE-
SLAM [20]. However, NICE-SLAM [20] consumes tens of
times more memory than us. In contrast to using 4 32-
dimensional implicit voxel grids with different resolutions, we
split the scene into several smaller MLP networks to save
memory. Mesh results are shown in Fig. 4. Our method is
able to reconstruct smooth results with limited iterations and
predicts unobserved regions in all sequences like iMAP [18]
and NICE-SLAM [20], while TSDF Fusion has difficulty filling
holes in unobserved regions.
Evaluation on ScanNet [25]: Unlike RGB-D sequences ren-

dered from multiple simulated room scenes on Replica, scenes
on ScanNet [25] are more complicated and there exists depth
noise in all sequences. We select several scenes from Scan-
Net [25] with ground-truth trajectories to evaluate the effec-
tiveness of all baseline methods. As shown in Fig. 5, limited by
the capacity of one single network, iMAP** cannot reconstruct
the whole scene smoothly and forgets part of the observed
region. NICE-SLAM [20] produces sharper geometry and fewer
artifacts than iMAP**. Compared with NICE-SLAM [20], our
method reconstructs planes more smoothly. 3D evaluation met-
rics are presented in Table III. Limited by its capacity, the
completion ratio of iMAP** is at least 20% lower than other

Fig. 7. Semantic mapping results on ScanNet [25]. (a) Is the semantic repre-
sentation on scene0000 without object culling. (b) Is the rendered RGB image.
(c) Is the rendered color image without the chair. (d) Is the mesh output with
colors. (e) Is the mesh output with semantic logits. The chair is successfully
culled in (c), (d), and (e).

methods. The accuracy of our method is more precise than
NICE-SLAM[20]while keeping lessmemory consumption.We
found that a lower completion ratio than NICE-SLAM [20] is
caused by artifacts generated behind the surface, which will not
occur within observed viewing frustums.
Evaluation on self-captured dataset: To verify the scalability

of ourmethod, we capture a larger RGB-D sequence in an office.
Fig. 6 shows the mesh output of each method. Due to the drift
in the poses, TSDF Fusion has many errors and artifacts in the
results. At the same time, iMAP** suffers from many holes and
blurs caused by the limited capacity of a single network, while
NICE-SLAM [20] is tough to handle cumulative drift and map
the scene with errors. With stepwise optimization, our method
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Fig. 8. Ablation study on loss functions.

TABLE IV
PERFORMENCE ANALYSIS. RUNTIME IS THE OPTIMIZATION TIME [MS] FOR
EACH FRAME WHILE GPU MEM. IS THE AVERAGE GPU MEMORY [MB]

USAGE FOR THE WHOLE SEQUENCE

still achieves stable results and reduces the cumulative drift from
VO to some degree.

D. Performance Analysis.

In Table IV, we compare the runtime and average GPU
memory consumption for optimizing each frame with the same
number of pixel samples and iterations during optimization.
NICE-SLAM [20] requires more GPU memory and runtime
to update the network embedded with hierarchical 32-channel
implicit voxel grids. Accompanied by Tiny-cuda-nn [23] and
optimizing multiple smaller MLP networks than one single
large network for each frame, our method keeps pace with
iMAP on runtime while using half of the GPU memory than
NICE-SLAM [20].
Semantic labeling and object culling: Optionally, with se-

mantic labels as input, our method is able to learn the semantic
information of the scene simultaneously. In addition, specific
objectswith semantic labels such as the chairmarked inFig. 7(a),
can be culled entirely.

E. Ablation Studies.

Stepwise optimization: As shown in Table V for the ATE
RMSE results, stepwise optimization further reduces the camera

TABLE V
ABLATION STUDY ON STEPWISE OPTIMIZATION. ATE RMSE [CM] ↓ IS THE

BEST RESULTS IN 5 RUNS

TABLE VI
ABLATION STUDY ON LOSS FUNCTIONS. THE REPORTED RESULTS ARE THE

MEAN OF 4 SCENES OF SCANNET [25]

drift. It indicates that refining poses individually before optimiz-
ing the geometry is more beneficial to reduce the cumulative
drift.
Distillation and free-space loss: Since the rendered depth

and color loss are necessary for the geometry and texture re-
construction, we only compare our method without the block
distillation and free-space loss. In addition, a global NISB with
network width = 256 for distillation is also evaluated, which
needs about 200 ms additionally to process each frame than
ours that utilize the last trainedNISB. Fig. 8 shows that sampling
sparsely without block distillation and free-space loss results in
boundary artifacts and geometric inconsistency (the same plane
has different density levels in two adjacent blocks). Implement-
ing knowledge distillation can effectively keep both densities at
the same level while the free-space loss can reduce the artifacts
in viewing frustum. Quantitative results in Table VI show that
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TABLE VII
ABLATION STUDY ON HYPERPARAMETERS. DISTANCE [M] IS THE CENTER
DISTANCE BETWEEN ANY TWO ADJACENT NISBS WHILE WIDTH THE

NETWORK WIDTH FOR HIDDEN LAYERS

our method is more accurate than ours with a global NISB
for distillation, which we think is caused by the catastrophic
forgetting problem that occurred in the global NISBwith limited
capacity.
Hyperparameters settings:Weanalyze the effect of parameter

designonperformanceusing the sameReplica [26] scene: office-
2. Network width = 128 and center distance a = 4 m offer the
best trade-off on quality and performance as shown in Table VII.

IV. CONCLUSION

We investigate the scalability of neural implicit represen-
tations for mapping in large-scale indoor environments. By
splitting the scene into multiple neural implicit spatial blocks,
catastrophic forgetting caused by learning thewhole scenewith a
limited capacity network is solved. Additionally, a 2 Hz update
speed and a GPU memory footprint of fewer than 3 GB are
guaranteed in the mapping process. Finally, NISB-MAP can
reconstruct the large-scale scene in a compact and continuous
way.Currently,NISB-MAP is still a bit slow for online optimiza-
tion. In the next stage, we will leverage the parallel computing
capacity of CUDA to boost computational efficiency and enable
deployment on onboard computers, such as Nvidia Xavier NX.
Another direction is to extend the method to outdoor environ-
ments and explore the collaborative mapping and optimization
of multiple robots in unstructured environments.
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