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Figure 1. We present MNE-SLAM, the first distributed multi-agent collaborative SLAM system with distributed mapping and camera
tracking, joint implicit neural scene representation, intra-to-inter loop closure, and multiple submap fusion. Depicted at the bottom, we
demonstrate the real-world, large-scale long-corridor scenes (≈1000 m2) with high-accuracy 3D groundtruth mesh. This scene is collected
through various industrial laser scans. We display the rendered depth and color image of different type of agents around the corridor. The
trajectory of each agent is marked in a unique color for clarity.

Abstract

Neural implicit scene representations have recently
shown promising results in dense visual SLAM. How-
ever, existing implicit SLAM algorithms are constrained to
single-agent scenarios, and fall difficulty in large indoor
scenes and long sequences. Existing multi-agent SLAM
frameworks cannot meet the constraints of communica-
tion bandwidth. To this end, we propose the first dis-
tributed multi-agent collaborative SLAM framework with
distributed mapping and camera tracking, joint scene rep-
resentation, intra-to-inter loop closure, and multi-submap
fusion. Specifically, our proposed distributed neural map-
ping and tracking framework only needs peer-to-peer com-

*represents corresponding author. The first two authors contribute
equally to this paper.

munication, which can greatly improve multi-agent cooper-
ation and communication efficiency. A novel intra-to-inter
loop closure method is designed to achieve local (single-
agent) and global (multi-agent) consistency. Further-
more, to the best of our knowledge, there is no real-world
dataset for NeRF-based/GS-based SLAM that provides
both continuous-time trajectories groundtruth and high-
accuracy 3D meshes groundtruth. To this end, we propose
the first real-world indoor neural slam (INS) dataset cov-
ering both single-agent and multi-agent scenarios, ranging
from small room to large-scale scenes, with high-accuracy
ground truth for both 3D mesh and continuous-time camera
trajectory. This dataset can advance the development of the
community. Experiments on various datasets demonstrate
the superiority of the proposed method in both mapping,
tracking, and communication. The dataset and code will be
open-source on https://github.com/dtc111111/MNESLAM.

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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1. Introduction
Dense Visual Simultaneous Localization and Mapping has
been a fundamental challenge in robotics and computer
vision, which aims to achieve 3D reconstruction and lo-
calization [21, 22]. Traditional visual SLAM has wit-
nessed continuous development, achieving accurate map-
ping and tracking in various scenarios, such as DTAM [26],
Kinectfusion [12]. They reconstruct meaningful 3D global
maps. Nowadays, with the proposal of Neural Radiance
Fields (NeRF) [25] and 3DGS [16], it has wide applications
such as autonomous driving [3, 8], remote sensing, and
VR/AR [19, 27]. Many following works combine implicit
scene representation with SLAM framework. iMAP [32] is
the first work to use a single multi-layer perceptron (MLP)
to reconstruct the scene in an online mapping framework.
Some works [6, 13, 37, 43] further improves the scene
representation with hybrid feature grids, axis-aligned fea-
ture planes, joint coordinate-parametric encoding, and other
scene representation methods. They can achieve promising
reconstruction quality in a small indoor room.

However, current research on NeRF-based SLAM
frameworks primarily focuses on the single-robot setting.
Compared to a single robot, multi-robot systems can per-
form tasks more efficiently and robustly. Moreover, the
multi-agent framework enhances the system’s resilience to
individual agent failures, ensuring stability even in the pres-
ence of anomalies. We outline the key challenges for multi
agents NeRF-based SLAM in large-scale scenes: a) Com-
munication bandwidth limitation. The multi-agent sys-
tem needs to operate under limited communication band-
width. Agents can only exchange limited data instead of
raw data in a timely manner to meet communication band-
width constraints. b) Accumulation of errors and pose
drifts. Pose error and drift will accumulate continuously
as the robot operates, and this issue becomes particularly
severe in large-scale environments. Existing frameworks
struggle with accumulating errors in large-scale scenes. c)
Consensus on scene reconstruction among all agents.
The sensor observations of multiple agents are local and
different, which leads to discrepancies of the final map.
Furthermore, compared to traditional explicit sparse point
cloud maps, the implicit map representation makes multi
agent submap fusion more challenging.

CP-SLAM [10] designs a distributed-to-centralized
learning framework for scene representation. However,
it needs to train an extra global network with all the
keyframe raw data in the centralized stage, which cannot
meet the communication bandwidth restriction. Given the
constraints of privacy and communication bandwidth, we
design the first fully distributed multi-agents neural SLAM
framework, which only relies on local (peer-to-peer) com-
munication, achieving accurate scene reconstruction, robust
pose estimation, and efficient multi-agent communication.

The agents in our framework only exchange their network
parameters and features instead of raw data when the sys-
tem detects a loop. For each agent, it builds local scene
representation and camera tracking.

Furthermore, we propose a novel intra-to-inter loop clo-
sure method for a multi-agent neural SLAM framework to
mitigate the accumulation of pose errors and achieve con-
sensus scene reconstruction among multiple agents. Intra-
loop closure is designed to detect the pre-visit place of sin-
gle robot, which can effectively eliminate the cumulative
error with the global keyframe database. In a distributed
neural SLAM system, all these agents optimize their scene
representation independently with local and different ob-
servations. As a result, the final maps generated by indi-
vidual agents only represent specific portions of the scene,
leading to discrepancies. So, we propose inter-loop clo-
sure to detect the same scenario visited by multiple agents
and register submaps generated from different agents. A
global consistency loss is introduced to optimize and regis-
ter the pose of different submaps. A peer-to-peer distillation
method is designed for the fusion of different neural implicit
submaps. When communication is available, we perform
intra-to-inter loop closure, exchange the neural network pa-
rameters of each agent, and perform implicit submap fusion
to achieve global consistency across multiple agents.

Furthermore, to the best of our knowledge, we find that
current datasets are either virtual, such as Replica [30] or
only provide trajectory ground truth without 3D ground
truth, such as ScanNet [2], and TUM dataset [31]. Scan-
Net++ [40] is a recently proposed dataset that offers 3D
ground truth. However, its poses are obtained through
COLMAP, making them unsuitable as accurate SLAM
ground truth. In addition, Scannet++ is primarily in-
tended as a NeRF Training & Novel View Synthesis dataset,
as stated in their paper and SplaTAM [15]. ScanNet++
contains non-time-continuous trajectories with numerous
abrupt jumps and teleportations, which makes it unsuitable
for SLAM systems. To this end, we propose a real-world
dataset ranging from small-room scenarios to large-scale
corridors. Our dataset provides high-accuracy and time-
continuous trajectory and 3D mesh groudtruth, which is
suitable for all neural SLAM systems, such as NeRF-based
SLAM and 3DGS-based SLAM systems [4, 15, 16, 18, 23,
24, 38, 41]. Overall, our contributions are shown as follows:
• We design the first distributed multi-agent neural SLAM

framework, MNE-SLAM, with joint neural scene repre-
sentation, and robust camera tracking, achieving accurate
collaborative scene reconstruction, robust camera track-
ing, and efficient multi-agent communication.

• A novel intra-to-inter loop closure method is proposed to
detect and eliminate the cumulative pose drift and register
the neural sub-maps for global map consistency.

• We propose the first real-world indoor neural SLAM
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Figure 2. System Overview. Our system is a distributed multi-agent collaborative SLAM system that consists of joint scene representation,
distributed tracking, intra-to-inter loop closure, and submap-fusion. Our framework takes the color images and depth images as input.
Then, our framework performs distributed mapping and camera tracking. When communication is available, we perform intra-to-inter loop
closure, exchange the neural network parameters of each agent, and perform implicit submap fusion to achieve global consistency across
multiple agents. Each agent can successively perform individual scene mapping and collaborative mapping and tracking to generate the
final neural implicit map with submap-fusion.

dataset (INS) for all kinds of neural SLAM systems with
high-accuracy ground-truth for both camera trajectory
and 3D reconstruction mesh, which can foster the devel-
opment of the community.

2. Related work
Dense visual SLAM Dense visual SLAM technologies
have significantly advanced in the past two decades.
DTAM [26] first introduces a dense SLAM system that
leverages photometric consistency for tracking handheld
cameras and depicting scenes as cost volumes. Kinect-
Fusion [12] employs the iterative-closest-point method for
camera tracking and updates the scene using TSDF-Fusion.
DROID-SLAM [35] leverages neural networks to extract
richer contextual information from images, significantly en-
hancing trajectory estimation.
Implicit Neural SLAM Recent advancements in neural im-
plicit networks have revolutionized 3D scene reconstruction
and camera pose estimation. Many efforts have focused on
combining NeRF with SLAM systems to enhance both ac-
curacy and efficiency. iMAP [32] and NICE-SLAM [43] are
two noteworthy works, with iMAP pioneering the use of a
single MLP for scene reconstruction and NICE-SLAM en-
hancing detail capture through a learnable hierarchical fea-
ture grid. Building on these foundations, ESLAM [13] re-
duces memory demands with axis-aligned feature planes.
Co-SLAM [37] improves efficiency through its unique joint
coordinate-parametric encoding strategy. To adapt to larger
environments, PLGSLAM [5] and MIPS-Fusion [33] en-
hances scalability with its progressive scene representation
method. Point-SLAM [28] uses neural points to repre-
sent the scene. GO-SLAM [42], Loopy-SLAM [20] use
loop closure to enhance camera tracking performance. Our
method expands from a single-agent to a multi-agent frame-
work, achieving a globally coherent 3D reconstruction in

large-scale scenarios.
Collaborative visual SLAM The goal of collaborative vi-
sual SLAM is to estimate the poses of multiple agents while
reconstructing a consistent global map. There are two main-
stream multi-agent SLAM frameworks: centralized and dis-
tributed. In terms of centralized systems, CVI-SLAM [14]
is the first method to introduce full visual-inertial collabo-
rative SLAM. CCM-SLAM [29] and CoSLAM [44] opti-
mizes server use by offloading heavy computations while
maintaining agent autonomy with onboard visual odome-
try. Within the distributed approach, Kimera-Multi [36] is
a multi-robot Visual-Inertial Odometry (VIO) system with
distributed mapping and tracking. MACIM [7] introduces a
multi-agent online mapping algorithm with implicit ESDF
scene representation. CP-SLAM [10] designs a distributed-
to-centralized multi-agent SLAM framework which is not
efficient for robot communication. Our proposed multi-
agent SLAM framework is the first fully distributed neu-
ral SLAM method, improving global map accuracy, consis-
tency, and robot communication efficiency.

3. Methods
The pipeline of our system is shown in Fig. 2. We pro-
pose MNE-SLAM, a distributed collaborative multi-agent
SLAM system. The input of this multi-agent system is
RGB-D frames {Ii,Di}Mi=1 with known camera intrinsic
K ∈ R3×3. Our model predicts multi-agent camera poses
{Ri|ti}Mi=1, color c, and implicit truncated signed distance
function (TSDF) representation. The system consists of
four main modules: (i) distributed local mapping (Sec. 3.1),
(ii) distributed camera tracking via PGO (Sec. 3.2), (iii)
intra-to-inter loop closure (Sec. 3.3) (iv) sub-map fusion
(Sec. 3.4). Among these modules, intra-loop closure and
submap fusion are the ones that involve communication be-
tween different robots. We elaborate on the entire pipeline
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of our system in the following subsections.

3.1. Joint Scene Representation

Voxel grid-based architectures [9, 43] are the mainstream in
NeRF-based SLAM system. However, they face challenges
with cubic memory growth and real-time performance
in large-scale environments. We design a parametric-
coordinate joint encoding method. The parametric encod-
ing employs tri-plane encoding, while the coordinate encod-
ing uses one-blob encoding with an MLP. This joint scene
representation architecture enables high-fidelity, smooth
scene reconstruction with enhanced hole-filling capabilities.
Specifically, we employ a two-scale tri-plane representa-
tion, consisting of both coarse and fine levels, to model the
scene. The tri-planes feature T (x) can be formulated as:

tc(x) = T c
xy(x) + T c

xz(x) + T c
yz(x)

tf (x) = T f
xy(x) + T f

xz(x) + T f
yz(x)

T (x) = Concat
(
tc(x); tf (x)

)
(1)

where tc(x), tf (x) denote the coarse and fine feature form
tri-planes. x is the world coordinate. {T c

xy, T
c
xz, T

c
yz}

represent the three coarse geometry feature planes, and
{T f

xy, T
f
xz, T

f
yz} represent the three fine geometry feature

planes. For a sample point x, we use bilinearly interpolating
the nearest neighbors on each feature plane. Then, we sum
the interpolated coarse features and the fine, respectively,
into the coarse output and fine output. Finally, we concate-
nate the outputs together as tri-plane features. The geometry
decoder outputs the predicted SDF value and a feature vec-
tor. We use one-blob encoding [37] instead of embedding
spatial coordinates into multiple frequency bands. Finally,
the color decoder predicts the RGB value. Combining the
MLP with the tri-planes scene representation, our architec-
ture achieves accurate and smooth surface reconstruction,
efficient memory use, and hole-filling performance.
3.2. Distributed Camera Tracking
To address the communication constraints of robots, we
propose a distributed camera tracking method. We formu-
late the problem to optimize all pose variables:

min
{R|t}αi

∈SE(3)
∀α∈R,∀i

∑
α∈R

nα−1∑
i=1

L
(
{R|t}αi

, {R|t}αi+1

)
︸ ︷︷ ︸

odometry

+

∑
(αi,βj)∈L

L
(
rαi

βi

(
{R|t}αi , {R|t}βj

))
,

︸ ︷︷ ︸
loop closures

(2)

where {R|t}αi denotes the ith pose of robot α in the global
frame. R = {α, β, . . . } denotes the set of robots, nα is
the total number of poses of robot α. For each agent, our

distributed camera tracking framework takes a live RGB-
D video stream. It first applies a recurrent update operator
based on RAFT [34] to compute the optical flow of each
new frame compared to the last keyframe. If the average
flow is larger than a pre-defined τk, a new keyframe is cre-
ated and added to the global keyframe database for further
refinement. We use the set of keyframes {KFi}Ni=1 to cre-
ate a keyframe-graph structure (V, E), which represents the
co-visibility between frames. An edge (i, j) ∈ E means
Ii, Ij have overlapping fields of view which share points.
The keyframe graph is built dynamically with the system
operation.

Afterward, we use the differentiable Dense Bundle Ad-
justment (DBA) layer to solve a non-linear squares opti-
mization problem to correct the camera pose {Ri|ti}Mi=1.

E ({R|t},d) =
∑

(i,j)∈E

∥∥∥p∗
ij −Πc({R|t}ij ◦Π

−1
c

(pi,di))∥2Σij
+ α

∑∥∥∥d̂i −Di

∥∥∥2 (3)

where Πc,Π
−1
c are the projection and back-projection func-

tions, ∥ · ∥Σ and Σij = diagwij denotes the Mahalanobis
distance which weights the error terms based on the con-
fidence weights wij . pi is the 2D pixel position from
keyframe KFi. {R|t}ij is the pose transformation from
KFi to KFj . d̂i denotes the estimated depth. We use p∗

ij

to present the estimated flow. α denotes the weight of depth
residual. This loss function states that we want to optimize
the camera pose and per-pixel depth to maximize the com-
patibility with flow p∗

ij predicted by the recurrent update
operator.

3.3. Intra-to-Inter Loop Closure
Most neural implicit SLAM frameworks suffer from the ac-
cumulation of pose drifts and distortion in the reconstruc-
tion. With the growing cumulative error ε of pose estima-
tion, those methods result in failure in large-scale indoor
scenes and long videos. Concurrently, during multi-agent
collaborative mapping in large-scale environments, the ac-
cumulation pose error of multiple agents results in rapid
degradation of the submaps. To address these problems, we
propose a novel intra-to-inter loop closure method, which
can eliminate pose drift and register multiple submaps into
the global map to achieve global consistency. We illustrate
the schematic diagram of the method in Fig. 3.
Intra-Loop Closure For single agent (intra) loop closure,
we build the keyframe-graph (V, E) with two steps: (i) de-
tect and select keyframe pairs with high covisibility τcov
in the local most recent keyframes Nlocal (ii) detect loop
closure between local keyframes and historical keyframes
outside the local window. Accordingly, we compute a co-
visibility matrix of local keyframes of size Nlocal × NKF

for local loop closure. We also compute a covisibility ma-
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Figure 3. (a) presents the reconstruction of a multi-agent pose graph with intra-to-inter loop closure. (b) and (c) present the covisibility
matrix of intra -loop closure and inter-loop closure. In Figure (b), the horizontal and vertical axes represent the keyframes of the local
(single-agent) system, while the horizontal and vertical axes in Figure (c) represent the keyframes of the local and peer agents.

trix of all historical keyframes of size NKF × NKF for
global loop closure, as shown in Fig. 3 (b). The covisibil-
ity is represented by the mean rigid flow between keyframe
pairs using efficient back-projection. Those keyframe pairs
with low covisibility (mean flow higher than threshold
(τcov) are filtered out. We build edges for these keyframe
pairs. We suppress the possible neighboring edges between
{KFk}i+rlocal

k=i−rlocal
→ {KFk}j+rlocal

k=i−rlocal
, where rlocal de-

notes a temporal radius. For local loop closure, the number
of edges in the graph is linear to Nlocal with an upper bound
Nlocal×Nlocal. The number of edges of the global loop clo-
sure is linear to NKF with an upper bound NKF × NKF .
We also suppress the redundant neighboring edges with ra-
dius rglobal. By constructing a pose graph using global his-
torical frames, we can leverage all information to optimize
the pose of the current frame. Intra-loop closure effectively
integrates local and global information, which greatly im-
proves the accuracy of camera pose optimization in large-
scale indoor scenes.
Inter-Loop Closure For multi-agent loop closure, we de-
tect keyframe pairs from global keyframe database G of dif-
ferent agents. Once the covisibility value of the keyframe
pairs is lower than the thershold τcov , we perform inter loop
closure on these frames. We present the covisibility matrix
in Fig. 3(c). For the robot α, β and the detected frames A,
B, we set the odometric estimates of pose i and pose j as
{R|t}Aαi

, {R|t}Bβj
∈ SE(3). Then, the relative transforma-

tion between frames A, B can be formulate as:
{R|t}ABij

≜ {R|t}Aαi
{R|t}αi

βj

(
{R|t}Bβj

)−1

(4)

where the subscript of {Ri|ti}ABij
indicates that this esti-

mate is computed using inter loop closure (i,j). In order to
obtain a reliable estimate of the true relative transformation,
we formulate the pose average problem:

{R|t}ABij
∈ argmin

{R|t}∈SE(3)

∑
(i,j)∈Lα,β

L (rij({R|t})) (5)

where L denotes the loss function. Lα,β is the set of inter-
robot loop closure between robot α and β. We adopt con-

sistency loss to optimize the relative pose of frame A and
frame B:

Llc({R|t}) = 1

n

n∑
{A,B}

(ĉA − ĉB)
2 (6)

Lld({R|t}) = 1

n

n∑
{A,B}

(
d̂A − d̂B

)2

(7)

where ĉA, ĉB are the rendered color image from agent α, β,
while d̂A, d̂B denote the rendered depth. This consistency
loss effectively aligns the trajectories of agent α and agent
β by comparing the rendering results of two images.

3.4. Distributed Optimization and Submap-Fusion

In our distributed multi-agent method, there is no global
keyframe database across all agents. Each agent constructs
a local keyframe database, where each keyframe extracts
visual RAFT features. During the multi-agent communi-
cation process, high-dimensional features of each keyframe
are transmitted when they arrive, and loop closure is de-
tected based on the similarity of these feature vectors. When
a loop closure is detected, a signal is sent to the two corre-
sponding agents, triggering information exchange and fu-
sion. This includes transmitting the keyframe poses and
network parameters of two agents, optimizing the relative
positions between the agents. Our mapping thread is per-
formed via minimizing our objective functions with respect
to network parameters θ and camera parameters {R|t}. The
color and depth rendering losses are used in our mapping
thread:

Lc =
1

N

N∑
i=1

(ĉi −Ci)
2
, Ld =

1

|Ri|
∑
i∈Ri

(
d̂i −Di

)2

(8)
where Ri is the set of rays that have a valid depth obser-

vation. In addition, we design SDF loss and free space loss
for our mapping thread. Specifically, for samples within the
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truncation region, we leverage the depth sensor measure-
ment to approximate the signed distance field:

Lsdf =
1

|Ri|
∑
r∈Ri

1

|Xtr
r |

∑
x∈Xtr

r

(ϕg(x) · T − (Di − d))
2

(9)
where Xtr

r is a set of points on the ray r that lie in the trun-
cation region, |Di − d| ≤ tr. We differentiate the weights
of points that are closer to the surface Xtm

r = {x|x ∈
|Di − d| ≤ 0.4tr} from those that are at the tail of the
truncation region Xtt

r in our SDF loss.

Lsdfm = Lsdf

(
Xtm

r

)
, Lsdft = Lsdf

(
Xtt

r

)
(10)

For sample points that are far from the surface |Di−d| ≥ T :

Lfs =
1

|Ri|
∑
r∈Ri

1∣∣∣Xfs
r

∣∣∣
∑

x∈Xfs
r

(ϕg(x)− 1)
2 (11)

This loss can force the SDF prediction value to be the trun-
cated distance tr.
Submap Fusion The sensor observations of multiple
agents are local and different, which leads to discrepancies
of the final map. In order to achieve global consistency and
consensus on scene reconstruction among all agents, two
critical components are required: (1) aligning the poses of
submaps to ensure global consistency. We use inter-to-intra
loop closure to align the poses of different submaps. (2)
fusing the implicit submaps. Unlike traditional point cloud-
based maps, implicit map fusion is particularly challenging,
especially in distributed systems.

Due to communication bandwidth constraints, our peer-
to-peer communication only exchanges network parame-
ters. We propose a multi-agent distillation method to fuse
submaps into a global map. By using the aligned poses and
the keyframe depths, we can obtain the boundaries of the
two agents’ maps and compute the overlap region. Then, we
use the poses of the overlapping region keyframe {KF}mi=1

to render the RGB and depth keyframe images from differ-
ent agents. This allows the networks of two different agents
to merge their parameters solely by comparing the rendered
RGB ĉ, depth images d̂, and sdf value ŝ with distillation
loss Lα−β :

Lα−β =
1

m

m∑
α,β∈{KF}

(
(ĉα − ĉβ)

2
+
(
d̂α − d̂β

)2

+

(ŝα − ŝβ)
2
)
(12)

We use this distillation loss to optimize the network param-
eters of agent α and β. We learn the scene parameters to
ensure that the overall map scene representation parameters
remain globally consistent. The maps are then quickly fused
using the distillation method. The different agents work si-
multaneously and merge submaps in real-time.

4. Experiments
We validate that our method outperforms existing im-
plicit representation-based methods in surface reconstruc-
tion, pose estimation, and real-time performance.
Datasets. We evaluate MNE-SLAM on a variety of scenes
from different datasets.
• Replica Dataset [30]. 8 small room scenes (nearly
6.5m × 4.2m × 2.7m with 2000 images). We partition
the dataset into two subsets, each corresponding to the
trajectory of one agent, and ensured that there is overlap
between the two subsets. We use this dataset to evalu-
ate the reconstruction and localization accuracy in small-
scale environments.

• ScanNet dataset [2]. Real-world scenes with long se-
quences (more than 5000 images) and large-scale indoor
scenarios. (nearly 7.5m × 6.6m × 3.5m). We also par-
tition the dataset into two subsets for two agents. We use
this dataset for real-world indoor environments.

• Apartment dataset from [30]. Multi-rooms scene (nearly
10.8m × 8.3m × 3.2m with 5000 images). We use this
dataset for multi-room environments.

• Our Indoor dataset for Neural SLAM systems (INS
dataset). This is the first real-world dataset for all kinds of
neural SLAM systems with high-accuracy ground-truth
for both camera trajectory and 3D reconstruction mesh.
We collected single-agent and multi-agent datasets from
various indoor environments, ranging from small room
scenes (nearly 35m2) to large-scale scenes (>1000 m2),
accumulating more than 100,000 camera frames. The de-
tails are listed in supplementary material. The dataset has
been partially open-source on Github.

4.1. Experimental Results
Scene reconstruction and tracking. We evaluate our
method on Replica [30], ScanNet [2], Apartment [30] and
our own dataset INS. As shown in Tab. 1, we present the two
single-agent reconstruction and tracking results (Agent1,
Agent2) and the global scene reconstruction and tracking
performance in small room scenarios on the Replica dataset.
Best results are highlighted as first , second , and third .
Our multi-agent method achieves accurate and consistent
global map reconstruction through multi-map fusion. In
Tab. 2, we provide the single-agent and multi-agent camera
tracking performance on Apartment dataset [30]. Although
the tracking performance of a single agent does not reach
the best, we achieve the SOTA performance in global cam-
era tracking. This is attributed to our multi-agent collabora-
tive tracking, which leverages intra-to-inter loop closure to
eliminate pose error and achieve consistency across multi-
ple agents. In Tab. 3, we present the global camera tracking
performance on ScanNet [2]. Our method outperforms ex-
isting multi-agent and single-agent methods. We show the
qualitative comparison on INS dataset of our method with

1490

https://github.com/dtc111111/MNESLAM


Figure 4. Qualitative comparison of our proposed method’s surface reconstruction with existing SOTA method: ESLAM [13] on the long
corridor sequence. On the right is the zoomed-in view of the reconstructed mesh. The region outlined on the image is marked in red to
signify lower reconstruction accuracy, in green to signify higher accuracy, and in yellow to represent the ground truth results.

Methods
Reconstruction Localization

Agent 1 Agent 2 Global Agent 1 Agent 2 Global
Acc. ↓ Comp. ↓ Comp.Ratio(%) ↑ Acc. ↓ Comp. ↓ Comp.Ratio(%) ↑ Acc. ↓ Comp. ↓ Comp.Ratio(%) ↑ RMSE ↓ RMSE ↓ RMSE ↓

Single-Agent Methods
iMAP[32] 4.812 4.519 76.378 3.663 3.582 81.352 2.881 4.934 80.515 3.481 3.773 4.153
NICE-SLAM[43] 3.035 3.907 85.894 2.163 2.881 90.792 2.373 2.645 91.137 1.657 1.767 2.503
Vox-Fusion[39] 2.975 3.757 83.599 1.991 2.609 91.015 2.881 2.563 90.936 0.977 1.432 1.453
ESLAM[13] 1.838 1.979 93.317 1.857 1.884 94.531 2.082 1.754 95.977 0.593 0.579 0.657
Co-SLAM[37] 1.758 2.153 92.894 1.949 2.033 93.413 2.104 2.082 93.435 1.001 0.934 1.059
GO-SLAM[42] 2.931 3.759 86.484 2.245 2.678 90.571 2.091 2.415 93.174 0.334 0.451 0.404
Point-SLAM[28] 2.324 3.455 86.811 1.925 3.102 90.975 1.935 2.779 90.479 0.534 0.461 0.559
PLGSLAM[5] 1.793 2.012 93.415 1.983 1.773 94.669 1.884 1.543 96.329 0.584 0.607 0.631
Loopy-SLAM[20] 1.935 3.107 89.894 1.683 2.783 91.792 1.593 2.645 91.137 0.257 0.362 0.369
Multi-Agent Methods
CP-SLAM[10] 2.271 3.457 86.429 1.834 2.901 90.115 1.794 2.455 90.394 0.613 0.639 0.673
Ours 1.731 1.932 93.692 1.797 1.685 95.458 1.681 1.509 96.957 0.281 0.358 0.398

Table 1. Quantitative results of our proposed method with existing NeRF-based SLAM system on the Replica dataset [30]. We evaluate the
reconstruction and localization performance of Agent1, Agent2, and global(global scene reconstruction and camera tracking). We present
the evaluation results of the reconstruction and trajectory outcomes for different agents, as well as the scene reconstruction and trajectory
results of the global map. The results are the average of the scenes in the Replica dataset. Our method outperforms existing methods in
surface reconstruction and pose estimation. Best results are highlighted as first , second , and third .

the SOTA method ESLAM. in Fig. 4. Our method success-
fully achieves consistent completion as well as high-fidelity
surface reconstruction results in large-scale, real-world in-
door scenes. In Tab. 4, We present the performance on the
INS dataset, showing that most neural SLAM methods ex-
perience significant pose drift in real-world scenarios, ul-
timately leading to reconstruction failure. Our multi-agent
approach, however, successfully achieves accurate recon-
struction and pose estimation in large-scale environments.

Time analysis We analyze the speed and memory usage of
our method compared with other SOTA methods in Replica
datasets [30] and ScanNet datasets [2]. We evaluate the time
consumption of tracking and mapping every iteration and
every frame in Tab. 5. We also evaluate the memory and

communication consumption of existing methods. Com-
pared to CP-SLAM, our method improves communication
efficiency by seven times (7 ×). Our distributed method
significantly enhances communication efficiency, increas-
ing the effectiveness in real-world operations.

4.2. Ablation Study
In this section, we conduct various experiments to verify the
effectiveness of our method. Tab. 6 illustrates a quantitative
evaluation with different settings.
Intra-Loop Closure We remove our intra loop closure in
this experiment. Our full model leads to higher scene re-
construction accuracy and better completion. The intra loop
closure can significantly reduce the growing cumulative er-
ror and improve the robustness and accuracy of the single-
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Methods Apartment-1 Apartment-2 Apartment-0
Ag. 1 Ag. 2 Global Ag. 1 Ag. 2 Global Ag. 1 Ag. 2 Global

Single-Agent Methods
ORB-SLAM3[1] 4.93 4.93 4.93 1.35 1.36 1.36 0.67 1.46 1.07
NICE-SLAM[43] 55.46 21.65 38.56 5.7 2.99 4.35 2.17 2.2 2.18
Co-SLAM[37] 2.86 3.51 3.19 1.44 1.64 1.54 0.83 0.78 0.83
ESLAM[13] 1.38 0.95 1.17 0.84 0.75 0.79 0.58 0.95 0.76
GO-SLAM[42] 1.45 1.33 1.27 0.49 0.78 0.62 0.47 0.56 0.53
Point-SLAM[28] 1.31 2.09 1.63 0.53 0.80 0.68 0.49 0.62 0.58
PLGSLAM[5] 1.33 1.06 1.13 0.82 0.73 0.79 0.56 0.93 0.74
Loopy-SLAM[20] 1.19 1.66 1.43 0.55 0.66 0.60 0.46 0.82 0.64
Multi-Agent Methods
CCM-SLAM[29] 2.12 9.31 5.71 0.51 0.74 0.62 - - -
Swarm-SLAM[17] 4.62 6.50 5.56 2.69 8.53 5.61 1.61 1.98 1.80
CP-SLAM[10] 6.21 5.67 5.73 1.45 2.48 1.85 0.62 1.28 0.91
Ours 1.21 0.99 1.02 0.43 0.74 0.59 0.43 0.53 0.48

Table 2. Two-agent tracking performance in Replica dataset [30].
Following the dataset partitioning setting of [10], we quantita-
tively evaluate respective trajectories and global results of the two
agents. “Ag.1” and “Ag.2” denote Agent 1 and Agent 2. “-” indi-
cates invalid results due to the failure of CCM-SLAM.

Methods 0000 0059 0106 0169 0181 0207 0054 0233 Avg.

Single-Agent Methods
NICE-SLAM[43] 12.0 14.0 7.9 10.9 13.4 6.5 20.9 9.0 13.0
ESLAM[13] 7.3 8.5 7.5 7.5 9.0 6.0 36.3 4.6 10.6
Co-SLAM[37] 7.1 11.1 9.4 7.1 11.8 7.1 14.8 - -
Point-SLAM[28] 10.2 7.8 8.7 22.2 14.8 9.5 28.0 6.1 14.3
GO-SLAM[42] 5.4 7.5 7.0 7.7 6.8 6.9 8.8 4.8 6.9
PLGSLAM[5] 7.3 8.2 7.4 7.5 9.2 5.8 30.8 4.2 9.9
Loopy-SLAM[20] 5.2 7.9 8.5 7.7 10.6 7.9 14.5 5.2 7.7
Multi-Agent Methods
Swarm-SLAM[17] 10.7 8.7 9.5 12.5 13.8 8.4 14.5 6.5 10.5
CP-SLAM[10] 7.6 8.9 8.8 8.1 10.8 8.3 20.1 5.6 9.7
Ours 4.9 7.2 6.6 7.3 6.4 6.4 8.5 4.3 6.6

Table 3. Camera Tracking Performance on ScanNet
dataset [2]. We use ATE RMSE(cm) as the metric. We select
8 sequences follow the setting from previous methods.

Methods Reconstruction[cm] Localization[m]
Acc.↓ Comp.↓ Comp.Ratio(%)↑ Mean ↓ RMSE ↓

Single-Agent Methods
ORB-SLAM3[1] - - - 0.76 0.80
Co-SLAM[37] - - - 16.84 18.80
ESLAM[13] 73.78 17.60 58.49 1.10 1.23
GO-SLAM[42] 109.124 133.152 10.53 3.76 4.36
Point-SLAM[28] - - - 2.83 2.95
PLG-SLAM[5] 70.42 15.49 59.37 1.01 1.12
Photo-SLAM[11] 60.61 139.89 10.75 0.43 0.45
Loopy-SLAM[20] - - - 1.95 2.01
Multi-Agent Methods
CP-SLAM[10] - - - 9.50 10.67
Ours 43.96 14.69 64.00 0.38 0.40

Table 4. Scene Reconstruction and Camera Tracking Perfor-
mance on INS dataset. “-” indicates invalid results due to the
failure or inability of these methods.

agent camera tracking.
Inter-Loop Closure We remove the inter-loop closure in
this experiment. Inter-loop closure can effectively regis-
ter different submaps into the global map and improve the
tracking performance across different agents.
Submap Fusion Submap fusion can significantly improve
the integration of information among different maps, en-

Methods Map/Fr. Track/Fr. Memory Communication

R
ep

lic
a[

30
] ESLAM[13] 0.29s 68.5ms 20.73MB -

Co-SLAM[37] 0.15s 54.8ms 26.39MB -
Point-SLAM[28] 10.47s 29.7ms 31.42MB -
CP-SLAM[10] 10.45s 34.7ms 39.75MB 429.78MB
Ours 0.14s 22.1ms 24.45MB 60.58MB

Table 5. Runtime, Scene representation memory, and multi-robot
communication performance evaluation on Replica [30] dataset.
”Memory” refers to the storage consumption of the scene repre-
sentation and the decoder. ”Communication” refers to the amount
of data transmitted during the robot’s operation.

Methods Reconstruction[cm] Localization[cm]
Acc.↓ Comp.↓ Comp.Ratio(%)↑ Mean↓ Median↓ RMSE↓

w/o intra-loop. 1.831 1.592 95.779 0.397 0.403 0.432
w/o inter-loop 1.903 1.597 95.679 0.401 0.409 0.441
w/o submap 1.949 1.607 95.494 0.359 0.365 0.401
Ours 1.681 1.509 96.957 0.357 0.362 0.398

Table 6. Ablation study. We conduct experiments on Replica
dataset [30] to verify the effectiveness of our method. Our full
model achieves better completion reconstructions and more accu-
rate pose estimation results.

suring the consistency of the global map; otherwise, the
map may exhibit numerous discontinuities or floating ar-
tifacts. This also suggests that handling smooth transitions
between two submaps, especially when revisiting an inac-
tive submap, is critical to the overall reconstruction quality.

5. Conclusion

In this paper, we propose a novel distributed multi-agent
neural SLAM system, MNE-SLAM, which achieves accu-
rate collaborative surface reconstruction and pose estima-
tion in both small and large-scale indoor scenes. Our dis-
tributed mapping and tracking framework enables our sys-
tem to represent large-scale indoor scenes under communi-
cation bandwidth restriction. The intra-to-inter loop closure
can effectively eliminate pose drifts and achieve global map
consistency across multiple agents. Our extensive exper-
iments demonstrate the effectiveness and accuracy of our
system in both scene reconstruction and pose estimation.
The proposed neural SLAM dataset with high-accuracy 3D
mesh and time-continuous camera trajectory can greatly ad-
vance the development of the community.
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