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3) Memory ablation

1) Reconstruction (Better, Faster)

2) Tracking (Better, Faster)

Joint encoding helps the memory compression

Dataset Method Acc 
(cm)

Comp
(cm)

Comp. 
Ratio FPS #Param.

Replica
iMAP 3.62 4.93 80.51 9.9 0.3
NICE-SLAM 2.37 2.64 91.13 0.9 17.4
Co-SLAM 2.10 2.08 93.44 17.4 0.3

Synthetic
RGBD

iMAP* 18.30 26.41 20.73 0.3 0.2
NICE-SLAM 5.96 5.30 77.46 1.3 3.1
Co-SLAM 2.95 2.96 86.88 15.6 0.3

Dataset Method
ATE 

RMSE 
(cm)

FPS #Param.

ScanNet
(6 scenes)

iMAP* 36.7 0.4 0.2
NICE-SLAM 9.6 0.7 101.6
Co-SLAM 8.7 12.8 1.6

TUM RGBD
(3 scenes)

iMAP 4.2 9.9 0.2
NICE-SLAM 2.5 0.1 3.1
Co-SLAM 2.4 13.3 1.6

Paper, code, and additional results can be found at
https://hengyiwang.github.io/projects/CoSLAM.html
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RGB-D based Neural SLAM
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Input data Model Output

a) RGB-D sequence b) Tracking + Mapping c) Trajectory + Reconstruction

3. Pipeline

1. Tracking: Update camera pose only

2. Mapping: Update camera pose and 
model parameters by sampling rays from 
all keyframe rays (NeuralRGBD[CVPR’22])

1

2

3

3. Model: HashGrid+OneBlob for SDF, 
feature+OneBlob for color

4

4. Smoothness: Regularize feature to 
avoid free space noise (hash collision)

w/ smooth term w/o smooth term

Figure 3. Reconstruction result w/ and w/o our smoothness term.
Smoothness term could effectively remove hash collision artefacts.

Method Tracking (ms) Mapping (ms) Memory ATE#
Two grids 9.9⇥20 25.4⇥10 1.7M 8.69
One grid 7.8⇥20 20.2⇥10 0.8M 8.75

Table 6. Performance analysis of modeling the geometry and ap-
pearance using one/two grids. The ATE is similar while using
one grid require less computational cost. Run-time is reported in
ms/iter ⇥ #iter format.

Method Acc. # Comp. # C-`1 # NC " F-score " Run time
Neural RGBD 0.0151 0.0197 0.0174 0.9316 0.9635 10-25h
GO-Surf 0.0158 0.0195 0.0177 0.9317 0.9591 15-45min
Ours 0.0149 0.0179 0.0164 0.9292 0.9629 100-500s

Table 7. Quantitative results of the reconstruction on 10 synthetic
scenes [1]. The evaluation metrics and protocol follow Neural
RGBD [1] and GO-Surf [6]. We achieve on-par performance but
our training is significantly faster.

Name KF selection #KF Pose
optim. ATE (cm) Std. (cm)

Local Global 0 10 All

w/o BA X 16.81 1.69
LBA X X X 9.69 1.38
GBA-10 X X X 9.54 0.67
GBA‡ X X 9.72 0.53
GBA X X X 8.75 0.33

Table 8. Ablation using different BA strategies on Co-SLAM:
(LBA) BA with rays from 10 local keyframes; (GBA-10) BA with
rays from 10 randomly selected keyframes; (GBA‡): BA with rays
from all keyframes w/o pose optimization; (GBA) BA with rays
from all keyframes and pose optimization (our full method). All
methods sample a total of 2048 rays per iteration.

such sampling strategy can still significantly improve the
performance and the robustness of the pose estimation.

2.5. Batch-mode Optimisation
To validate the representation ability of the proposed

joint coordinate and parametric encoding, we also perform
experiments of batch mode optimisation, which is an of-
fline approach and the pose initialised by BundleFusion [3]
is given. Tab. 7 shows the quantitative results of differ-
ent methods. Neural RGBD [1] is a coordinate encoding-

based method while GO-Surf [6] is a parametric encoding-
based method. By using the proposed joint coordinate and
parametric encoding, we achieve competitive reconstruc-
tion performance with significantly faster training speed.
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