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Abstract— We present NeuSLAM, a hybrid architecture for
dense visual SLAM designed specifically for stereo and RGB-
D sensors on resource-constrained edge devices. While recent
learning-based dense SLAM methods achieve strong trajectory
accuracy and rich scene reconstruction, their learned back-
ends typically maintain dense correlation volumes and feature
maps on the GPU throughout optimization. This requires
several gigabytes of memory, restricting them to desktop-
grade hardware. To overcome this bottleneck, we introduce a
lightweight neural network extending NeuFlow-V2, that jointly
predicts dense optical flow and stereo disparity alongside per-
pixel confidence maps via a shared feature encoder. For RGB-
D setups, the disparity branch is simply bypassed in favor
of sensor depth. Our front-end isolates high-confidence sparse
correspondences for camera pose estimation, while a classical
back-end maintains a lightweight pose graph over keyframes
to ensure global consistency and keep GPU memory usage
minimal. In zero-shot synthetic-to-real evaluations, our network
achieves a state-of-the-art F1-all score of 9.9% for optical flow
on KITTI 2015, alongside competitive stereo disparity on both
KITTI 2015 and ETH3D. On TUM RGB-D and FLSea-VI
datasets, NeuSLAM achieves trajectory accuracy competitive
with DROID-SLAM while running 6.5x faster and consuming
87% less GPU memory. Our model and code will be open
sourced.

I. INTRODUCTION

Simultaneous Localization and Mapping (SLAM) remains
the backbone of autonomous robotic systems, yet deploy-
ing dense SLAM on edge hardware presents a fundamen-
tal, unsolved and important problem. On one side of the
methodology spectrum, classical feature-based systems [1]—
[4] achieve real-time performance on resource-constrained
platforms by operating on sparse keypoint representations
on CPUs. Efforts like cuVSLAM [5] have further ported
sparse feature tracking to embedded GPUs, achieving faster
inference speed. However, the sparse maps produced by these
systems offer limited utility for downstream tasks that require
dense scene understanding, such as obstacle avoidance, path
planning through cluttered spaces, or object-level reasoning.
On the other end of the spectrum, learning-based dense
SLAM methods [6]-[8] achieve high-fidelity reconstructions
and strong trajectory accuracy, but their network architec-
tures demand several gigabytes of VRAM and desktop-grade
GPUs. This leaves dense, learning-based SLAM largely
impractical for the embedded robotic platforms where it is
most needed.

Dense, reliable correspondences are the foundation of
dense SLAM, driving both accurate pose estimation and de-
tailed scene reconstruction. Recent systems such as DROID-
SLAM [6] and MASt3R-SLLAM [7] achieve state-of-the-art
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Fig. 1: Speed, Accuracy and Memory Efficiency of
NeuSLAM: Compared to dense SLAM baselines on TUM-
RGBD, our hybrid architecture provides a superior balance
of trajectory accuracy and computation cost. When evalu-
ated on a standard desktop GPU (RTX 3090), NeuSLAM
demonstrates an exceptionally low memory footprint and
high frame rate compared to existing methods. This fun-
damental efficiency allows our robust tracking capabilities
to successfully scale down to resource-constrained edge
hardware, achieving a near real-time 10 FPS on a Jetson
Orin Nano. Note that we present results here on the desktop
GPU because most dense SLAM architectures run out of
memory on the Jetson Orin Nano.

results by coupling powerful learned correspondence front-
ends with differentiable optimization back-ends that jointly
refine poses and dense geometry. However, these back-ends
must maintain and update a large number of map points in
GPU memory, making them the primary source of the pro-
hibitive memory and compute requirements discussed above.
This motivates our design: we resort to a lightweight neural
network that produces high-quality dense correspondences
along with their confidence at edge-compatible speeds. A
front-end then selects only high-confidence sparse correspon-
dences for camera pose estimation. Unlike learned back-
ends that maintain dense correlation volumes and feature
maps on the GPU throughout optimization, our back-end
operates on a lightweight pose graph over keyframes for
global consistency, keeping GPU memory usage minimal.
Building on this insight, we present NeuSLAM, a hybrid
architecture that pairs an efficient learned front-end for



dense optical flow and stereo disparity estimation with a
classical geometric back-end for pose estimation and global
consistency. For the front-end, we extend NeuFlow-V2 [9],
a highly efficient optical flow architecture designed for
edge devices, to jointly predict both optical flow and stereo
disparity, along with per-pixel confidence maps. When an
RGB-D sensor is available, the learned disparity branch can
be replaced by sensor depth, further reducing inference time
while retaining the flow-based tracking pipeline. We use the
predicted confidence maps to select geometrically reliable
correspondences for pose estimation, while the backend
utilizes an iISAM2-based [10] pose graph optimization for
global trajectory consistency, supplemented by DBoW3 [11]-
based loop closure with geometric verification. By design,
NeuSLAM treats deployment as the defining constraint.
Every architectural decision, from the choice of shallow
CNN backbones over Transformers, to scanline matching
over global attention for stereo, to pose graph optimization
over dense bundle adjustment, is guided by the edge-device
memory and compute (latency) budget.

We evaluate NeuSLAM on standard benchmarks for
both its learned front-end and the full SLAM pipeline.
For optical flow, our front-end network achieves the best
KITTI2015 [12] Fl-all score (9.9%) among all meth-
ods tested in zero-shot evaluation. For stereo disparity, it
achieves competitive zero-shot results on KITTI2015 and
ETH3D [13], with over 10x faster inference speed than all
baselines. Both tasks run at around 85 FPS on the RTX
3090. With simple TensorRT [14] compilation, the inference
speed can go up to 166 FPS. For SLAM, we evaluate on
TUM RGB-D [15] (indoor) and FLSea [16] Dataset. On
both datasets, NeuSLAM achieves comparable accuracy to
DROID-SLAM, while running 6.5 faster and consuming
87% less GPU memory. Critically, DROID-SLAM cannot
run on the Orin Nano at all, while NeuSLAM operates at
roughly 18 FPS for these datasets.

In summary, our contributions are:

e A hybrid SLAM method, NeuSLAM, that achieves
dense mapping on edge devices by combining an effi-
cient neural front-end with classical geometric estima-
tion and optimization.

e« A joint optical flow and stereo disparity module,
NeuSLAM-Net, that extends NeuFlow-V2 with shared
encoding and per-task confidence prediction, achieving
state-of-the-art zero-shot accuracy at edge-compatible
speeds.

« Extensive evaluation on optical flow, stereo disparity
and SLAM benchmarks showing that both our frontend
model and SLAM pipeline achieves accuracy compet-
itive with state-of-the-art methods at a fraction of the
computational cost.

II. RELATED WORK
Dense Visual SLAM. Visual SLAM methods are commonly
categorized by how they establish correspondences. Feature-
based methods [1], [2], [17], [18] extract and match sparse
keypoints across frames, then optimize reprojection error to

recover camera poses. These methods are computationally
efficient and run comfortably on CPUs, but their sparse
maps provide limited information for downstream tasks
such as path planning and collision avoidance [19]. Direct
methods [20]-[22] bypass feature extraction and instead
minimize photometric error over raw pixel intensities. While
they can exploit more image information than keypoint-based
approaches, their reconstructions remain sparse or semi-
dense.

Recent learning-based methods push dense SLAM further.

DROID-SLAM [6] builds RAFT-derived [23] correlation
volumes and applies differentiable bundle adjustment to
jointly refine poses and dense depth. DPVO [24] and DPV-
SLAM [25] show that sparse patch-based correspondences
can match dense flow accuracy at lower cost. MASt3R-
SLAM [7] and GRS-SLAM3R [26] leverage learned 3D
reconstruction priors for dense matching which are robust
to textureless regions, while VGGT-SLAM [8] aligns feed-
forward dense reconstructions via projective optimization on
the SL(4) manifold. All of these methods require desktop-
grade GPUs with multiple gigabytes of VRAM, leaving
dense visual SLAM on edge hardware an open problem.
SLAM on Edge Devices. Traditional feature-based SLAM
systems [1], [2], [17], [20] run on CPUs and have been
deployed on embedded platforms, but cannot leverage the
GPU compute available on modern edge devices. cuVSLAM
and Jetson-SLAM [5], [27] port sparse feature tracking to
embedded GPUs, achieving high throughput on Jetson hard-
ware but producing only sparse maps. Among learning-based
methods, DPVO [24] and DPV-SLAM [25] significantly
reduce memory relative to DROID-SLAM, but their 7-9 GB
VRAM footprint still exceeds the capacity of low-power
GPUs such as the Jetson Orin Nano. To address resource
constraints, EdgeSLLAM and EdgeSLAM?2 [28], [29] propose
a decoupled architecture that offloads global optimization
to an edge server, at the cost of network dependency and
periodic map synchronization. To date, no existing dense
visual SLAM system has been demonstrated on the Jetson
Orin Nano (8 GB VRAM), the most resource-constrained
member of the Orin family.
Learned Optical Flow and Stereo for Geometry. Dense
correspondences are a core building block for visual SLAM,
and learning-based methods have dramatically improved
their quality. RAFT [23] introduced iterative refinement over
4D correlation volumes, achieving strong accuracy but at
significant computational cost. Subsequent work on optical
flow estimation has improved both accuracy [30]-[35] and
efficiency [36], yet most methods remain too expensive
for edge deployment. NeuFlow [37] and NeuFlow-V2 [9]
achieve 10-70x speedups over state-of-the-art flow methods
while maintaining competitive accuracy, running at over
20 FPS on the Jetson Orin Nano.

For stereo disparity, RAFT-Stereo [38] adapts RAFT’s
iterative refinement to epipolar-constrained matching, and
numerous methods [39]-[43] have advanced accuracy on
standard benchmarks. SENSE [44] demonstrated that a sin-
gle shared encoder can serve both optical flow and stereo
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Fig. 2: NeuSLAM Pipeline: Solid arrows denote the per-frame tracking and optimization path; dashed arrows denote
asynchronous loop-closure processing. The back-end performs pose-graph optimization (PGO) and provides optimized poses
to mapping and to final exports; maps are exported/visualized in the optimized frame via pose-consistent correction.

disparity without sacrificing per-task accuracy, while reduc-
ing overall computation through multi-task feature sharing.
Several SLAM systems use learned flow as a front-end
component: DROID-SLAM [6] derives its correspondence
module from RAFT, and FlowFusion [45] directly consumes
optical flow obtained from PWC-Net [46] for dense RGB-
D tracking. However, no existing system integrates an effi-
cient shared-encoder flow-and-stereo network into a SLAM
pipeline targeting edge deployment, which is the fundamental
problem we pursue in this work.

ITII. METHOD
A. System Overview

The NeuSLAM pipeline is illustrated in Fig. 2. Given
stereo or RGB-D input, a learned network, NeuSLAM-Net
(§III-B), jointly predicts dense optical flow, depth, and per-
pixel confidence maps. A tracking front-end (§III-C) uses
these predictions to estimate per-frame camera poses via
confidence-aware PnP-RANSAC and produces a static mask
by checking reprojection consistency. Keyframes are selected
based on accumulated motion and passed to a loop closure
module that retrieves candidates via visual place recognition
and verifies them geometrically using the static depth. The
back-end (§III-D) jointly optimizes accepted loop constraints
and odometry edges in an iSAM?2-based [10] pose graph.
A mapper incrementally builds a dense point cloud from
static pixels, with per-keyframe rigid corrections applied to
maintain consistency with the optimized trajectory.

B. Dense Correspondence Estimation

NeuSLAM-Net jointly estimates dense optical flow and
stereo disparity with per-pixel confidence maps from three
input images: the stereo pair I%,I% at time ¢ and the left
image [ f—fl at time t+1. The architecture, illustrated in
Fig. 3, follows a two-branch design built on top of NeuFlow-
V2 [9]. Following the shared-encoder principle of [44], a
single feature encoder extracts multi-scale features at 1/8 and
1/16 resolution from all three input images, serving both the
optical flow and stereo disparity branches. A separate context
encoder processes I} alone to produce context features that
guide the convex upsampling. When an RGB-D sensor is
available, the stereo disparity branch is bypassed and sensory
depth is used directly.

Optical flow branch. Features from It and It™! are paired
for global matching at 1/16 resolution to capture large

displacements, then iteratively refined at 1/16 and 1/8 res-
olution. This branch follows the same global-to-local design
as NeuFlow-V2 [9]. At each iteration of the 1/8 refinement
stage, an MLP head predicts a per-pixel confidence map from
the iteratively updated context features.
Stereo disparity branch. Features from I} and I%, follow
the same refinement pipeline, with one key difference: the
global matching module is replaced by scanline matching
at 1/16 resolution. Since stereo correspondences lie along
horizontal epipolar lines, restricting the search to scanlines
reduces computation while providing a stronger geometric
prior. The refinement stages and confidence head are identi-
cal in structure to the flow branch.
Training. NeuSLAM-Net is trained with synthetic datasets
only, including Sceneflow [47], WMGStereo [48], and Vir-
tual KITTI 2 [49]. For datasets that provide only disparity
labels, we generate pseudo optical flow by negating the
disparity values as horizontal displacement, setting vertical
displacement to zero, and applying a small random homog-
raphy to simulate vertical motion. This enables joint training
of both branches from disparity-only datasets.

The training loss for each refinement iteration % is

‘Ci = £disp + Eﬂow + )\conf Econf + )\grad Egrad ) (1)

where Lgisp and Lyo, are ¢; losses against ground-truth
disparity and flow, Loy is the sum of binary cross-entropy
losses for the disparity and flow confidence maps (with
targets set to 1 if the corresponding ¢; error is below a
threshold and O otherwise), and Lg,q is a gradient loss [50]
on predicted disparity that preserves sharp depth edges while
encouraging smoothness in planar regions. We set Aconf =
0.5 and Agrg = 0.5. The total loss aggregates over N
refinement iterations with exponentially increasing weights:

N
L= "L, @)
i=1

with v = 0.9.

C. Confidence-Aware Tracking

Given the predicted depth D, optical flow F;_,;,1, and
per-pixel confidence maps from FlowSLAMNet, the tracking
module estimates the relative camera pose and produces a
static mask for downstream mapping and loop closure. We
represent camera poses as rigid transforms 7, ., € SE(3)
mapping points from camera frame c; to the world frame w.



Feature Convex
Encoder Upsampler N
Disparity
. &
y wA R
LIl | 116 116 / W, Confidence
Scanline Disparity Dlsparlty —
N Matching Refine Refine )
; 1/16 Global 1/16 Flow 18 Flow | .
! Matching Refine Refine i A
: i b dl— OPtical Flow
. &
I )
' ~ \ \'/" Confidence
: —> f—~‘. /|
L )
Context
LIL I Encoder

Fig. 3: NeuSLAM-Net takes in a stereo image pair at timestep ¢, and the left image from timestep ¢ + 1 to produce optical
flow, flow confidence, stereo disparity and disparity confidence. We use a shared shallow backbone to extract multi-scale
features from the images, and a separate context encoder to extract context image features from the reference left image. The
disparity and optical flow fields are initialized with 1/16 resolution features using scanline matching and global matching
respectively, they go through iterations of refinements at 1/16 resolution, then bilinearly upsampled and further refined at 1/8
resolution to produce coarse disparity and optical flow predictions with their confidence maps. The full resolution outputs
are obtained using a shared learnable convex upsampler with the reference context features.

3D-2D correspondence construction. Rather than using all
pixels, we sample on a regular grid with a fixed stride over
the image to keep the number of correspondences bounded
and the runtime predictable on edge hardware. For each
sampled pixel p = (z,y) in frame ¢, we obtain a 3D point in
camera frame c; by back-projection X(p) = Dy(p)- K~ 'p,
where K is the camera intrinsics matrix and p = (z,y,1) "
The corresponding pixel in frame ¢+1 is given by p’ =
p + Fi:11(p). Correspondences with invalid depth, depth
outside a configured range, or flow endpoints outside the
image bounds are discarded.

Confidence-aware pose estimation. For each remaining
correspondence, we compute a scalar reliability score s(p)
by combining the depth and flow confidence values (we use
their sum in practice) and retain only the top fraction of
correspondences. This pruning is deliberately aggressive: it
reduces computation and improves robustness by restricting
pose estimation to the most geometrically reliable regions.
The relative pose is then recovered by minimizing the
reprojection error

T min Z H7T K TCtA)CtJrl’ X(p,]))

ct—repyn
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where the summation is over correspondences retained after
confidence-based pruning. 7(K,T,X(p;)) = KT X(p;)
denotes perspective projection followed by conversion to
Cartesian coordinates. This is solved via PnP-RANSAC [51],
[52], which jointly recovers the pose and rejects outlier
correspondences.

Static mask. The tracking module produces a per-pixel static
mask used by the mapper and loop closure module (§III-
D). Pixels corresponding to PnP inliers are marked as static.
We further refine this mask with a reprojection consistency

check: using the estimated pose T, s¢,,, and depth Dy,
we predict where each pixel p in frame ¢ should appear
in frame ¢+1 and compare with the flow-predicted location
p’. Pixels whose reprojection error falls below a threshold
are classified as static; the remaining pixels are treated as
potentially dynamic or unreliable.

D. Loop Closure and Global Optimization

Frame-to-frame pose estimation (§1II-C) inevitably accu-
mulates drift over long sequences. To correct this, NeuSLAM
maintains a pose graph over selected keyframes, detects
revisited locations via loop closure, and globally optimizes
the trajectory. Keyframes are selected when accumulated
translation or rotation exceeds a threshold, keeping the graph
sparse while ensuring sufficient visual overlap for reliable
loop detection. Loop closure operates asynchronously with
respect to per-frame tracking.

Candidate retrieval. For each keyframe, we extract ORB
descriptors [53] and query a DBoW3 [11] database built from
a fixed vocabulary. Candidates within a temporal exclusion
window of the current keyframe are discarded to suppress
trivial matches. Only the top-K candidates are passed to
geometric verification, and the number of accepted loop
constraints per keyframe is capped to keep computation
bounded.

Geometric verification. For a candidate reference keyframe
k and the current query keyframe [, we match ORB de-
scriptors using a ratio test. Matched reference keypoints are
back-projected into 3D using the stored depth map Dy, and
correspondences are retained only if the depth is finite, within
a configured range, and the reference keypoint lies on a
pixel previously labeled static by the tracking front-end (§I1I-
C). This explicitly suppresses dynamic objects during loop



verification. We then estimate the relative transform 7., _,
via PnP-RANSAC and accept the loop only when the inlier
count exceeds a minimum threshold.

Pose graph optimization and mapping. The back-end
estimates a globally consistent trajectory using iSAM?2-
based [10] pose graph optimization, where nodes are
keyframe poses and edges are relative-pose constraints from
odometry and accepted loop closures. A mapper incre-
mentally builds a dense point cloud by integrating depth
from static pixels at each keyframe, storing the insertion
pose alongside each map chunk. After pose graph updates,
the map is kept consistent with the optimized trajectory
by applying per-keyframe rigid corrections at export time,
avoiding expensive online reintegration.

1V. EXPERIMENTS
A. Setup

Implementation details. Our NeuSLAM-Net is trained for
300k steps with a batch size of 64, with 1 refinement iteration
at 1/16 resolution and 8§ iterations at 1/8 resolution. At each
epoch, all samples from Sceneflow [47] and Virtual KITTI
2 [49] are used, and randomly drawn 40k samples from
WMGStereo [48]. We use a one-cycle learning rate scheduler
with a maximum learning rate of 2¢ ~*. Our model is trained
with a fixed resolution of 368 x 768 by randomly cropping
training sample pairs. Training data augmentation is applied
in the same manner as in [23], [38].

To ensure real-time performance, NeuSLAM employs an

asynchronous multiprocessing architecture comprising four
concurrent processes: neural model inference, front-end pose
estimation, loop closure detection, and back-end optimiza-
tion. Because model inference is the most computation-
ally intensive component, it is exclusively offloaded to the
GPU. Meanwhile, the remaining three tracking and mapping
processes execute concurrently on the CPU, maximizing
hardware utilization and maintaining tractable runtimes on
edge devices.
Evaluation. First, we evaluate NeuSLAM-Net’s zero-shot
generalization capability on Sintel [54] and KITTI-2015 [12]
for optical flow estimation, and benchmark disparity esti-
mation with KITTI-2015 [12] and ETH3D [13]. For optical
flow benchmarks, we report the end-point-error (EPE), and
for KITTI-2015 we additionally report the percentage of
pixels with EPE above the standard threshold of 3px. For
disparity benchmarks, we report the percentage of pixels
with EPE greater than of 3px for KITTI-2015 and 1px for
ETH3D. The input images are downsampled to our training
resolution, following which the predictions are interpolated
back to original dataset resolutions.

Second, to benchmark SLAM performance, we evalu-
ate NeuSLAM on TUM-RGBD [15] and FLSea-VI [16]
datasets. We use Absolute Trajectory Error (ATE) to evaluate
accuracy.

B. Zero-Shot Disparity and Flow Results

We evaluate NeuSLAM-Net’s performance to generalize
from synthetic training data to other unseen datasets. This

TABLE I: Zero-shot optical flow benchmark, our method is
run with the optical flow estimation branch only. We report
inference FPS for both our PyTorch model and one compiled
with TensorRT. Best results for each evaluation metric are
bolded, second best are underlined.

Sintel (train) KITTI-15 (train)

Method FPS
Clean Final EPE Fl-all (%)
GMFlowNet [35] 1.14 271 424 154 6.6
FlowFormer [31] 1.01 240 4.09 14.7 1.5
SEA-RAFT [32] .19 411 3.62 129 15.6
GMA [30] 1.30 274 4.69 17.1 9.9
CRAFT [33] 127 279 488 17.5 4.3
RAPIDFlow [36] 1.58 294 587 17.7 39.5
GMFlow [34] 1.50 296 103 33.6 32.6
RAFT [23] 1.43 271 5.04 17.4 14.9
NeuFlow-V2 [9] 1.24 267 433 15.3 85.4
Ours 1.53 239 2.68 9.9 89.8 (166.4)

TABLE II: Zero-shot stereo benchmark, our method is run
with the disparity estimation branch only. We report infer-
ence FPS for both our PyTorch model and one compiled
with TensorRT. Errors are the percent of pixels with EPE
greater than the specified threshold. We use the standard
evaluation thresholds: 3px for KITTI, 1px for ETH3D. Best
results for each evaluation metric are bolded, second best
are underlined.

Method KITTI-15 ETH3D FPS
GwecNet [39] 22.7 30.1 4.8
ACVNet [40] 11.7 9.4 5.0
GANet [41] 11.7 14.1 0.6
DSMNet [42] 6.5 6.2 0.8
CFNet [43] 5.8 5.8 7.1
RAFT-Stereo [38] 5.7 3.3 6.4
Ours 6.5 6.9 84.7 (165.9)

ability is critical since no large-scale real-world datasets are
available for training, and stronger generalization capability
enables seamless deployment from training directly to prac-
tical usage.

In Tables I and II, we report NeuSLAM-Net’s general-
ization ability by training on multiple synthetic datasets and
evaluating on the Sintel and KITTI-2015 training sets for
optical flow, and on KITTI-2015 and ETH3D for disparity,
comparing against other methods under the same zero-shot
setting. We also report inference speed in terms of FPS
(frames per second) for running the optical flow and disparity
estimation branches separately on an RTX A5000 GPU.

For optical flow, our model achieves the best results
on Sintel Final and on both KITTI-2015 metrics (EPE
and F1-all), while remaining competitive on Sintel Clean.
Notably, it reduces KITTI-2015 Fl-all error from 12.9%
(SEA-RAFT) to 9.9% while running 5.8 faster. For stereo
disparity, our model reports comparable results with other
stereo networks such as CFNet [43] and DSMNet [42], while
running over 10X faster than all baselines including RAFT-
Stereo [38]. With TensorRT compilation, the network runs



TABLE III: Average translation error (m) on the TUM-RGBD benchmark. ‘F’ means that the method failed to run on that
specific sequence. ‘-’ indicates data not available or applicable. OOM means out of GPU memory. We report inference FPS
for both our PyTorch model and one compiled with TensorRT. DROID-SLAM and earlier results are reproduced from Table

4 of [6].
Method 360 desk desk2 floor plant room rpy  teddy  xyz avg Orin Nano RTX 3090
FPS Memory FPS Memory
ORB-SLAM2 [2] F 0.071 F 0.023 F F F F 0.010 - 13 - 37 -
ORB-SLAMS3 [1] F 0.017 0.210 F 0.034 F F F 0.009 - 12 - 34 -
DeepTAM [55] 0.111 0.053 0.103 0.206 0.064 0.239 0.093 0.144 0.036 | 0.116 - - - -
TartanVO [56] 0.178 0.125 0.122 0.349 0.297 0.333 0.049 0339 0.062 | 0.206 <2 6.4 GB 40 7.2 GB
DeepV2D [57] 0.243 0.166 0.379 1.653 0.203 0.246 0.105 0.316 0.064 | 0.375 - - - -
DeepFactors [58] 0.159 0.170 0.253 0.169 0.305 0.364 0.043 0.601 0.035 | 0.233 | OOM OOM 12 16.4 GB
DROID-SLAM [6] | 0.111 0.018 0.042 0.021 0.016 0.049 0.026 0.048 0.012 | 0.038 | OOM OOM 21 9.3 GB
MASt3R-SLAM [7] | 0.049 0.016 0.024 0.025 0.020 0.061 0.027 0.041 0.009 | 0.030 0.8 7 GB <5 18.7 GB
Ours - Odom 0.148 0.099 0.078 0.069 0.210 0.354 0.051 0254 0.024 | 0.143 22 0.8 GB 147 1.1 GB
Ours - SLAM 0.088 0.035 0.039 0.048 0.080 0.084 0.030 0.115 0.015 | 0.059 | 10 (18) 1.05GB | 84 (136) 1.2 GB
TABLE IV: Average translation error (m) on the FLSea-VI benchmark

Methods Canyons Red Sea Ave RTX 3090

ucC Fla HC TC NP LP DP PP CTL CPL BDL SP FPS Memory
ORB-SLAM3  0.084 0.076 0.078 0.028 0.049 0.054 0.096 0.070 0.039 0.047 0.040 0.041 0.060 35 -
DROID-SLAM  0.076 0.053 0.024 0.028 0.032 0.049 0.059 0.086 0.032 0.029 0.064 0.040 0.047 19 10.2 GB
DUV-SLAM 0.067 0.064 0.026 0.024 0.031 0.045 0.057 0.087 0.021 0.034 0.040 0.040 0.045 21 9.37 GB
NeuSLAM 0.080 0.067 0.044 0.029 0.039 0.052 0.054 0.082 0.037 0.039 0.051 0.042 0.051 78 (132) 13 GB

at over 165 FPS, making it suitable as a real-time front-end
for edge-deployed SLAM.

C. Indoor and Outdoor SLAM Results

TUM-RGBD [15]. This RGBD dataset consists of indoor
scenes captures with a handheld Kinect camera. The dataset
is notoriously difficult for SLAM due to rolling shutter
artifacts, motion and heavy rotation. As shown in Table. III,
classical works like ORB-SLAM3 tend to fail on most of
the sequences and while DROID-SLAM performs robustly,
we can only run it on a desktop. NeuSLAM on the other
hand is both robust and fast, achieving the second best
performance while being 6.5 times faster and consuming
87% less GPU memory. Note that we turn off the disparity
branch in NeuSLAM because we already have depth data
available, which gives a further boost to inference speed.

FLSea-VI dataset features forward looking visual sequences
captures across the Mediterranean Sea’s Canyons and the
Red Sea. Because the dataset provides reliable depth maps,
we disable NeuSLAM’s learned disparity branch and directly
utilize the provided depth data. As demonstrated in Table IV,
NeuSLAM performs robustly against heavy baselines like
DROID-SLAM [6] and DUV-SLAM [59] while requiring
much less compute. Since no underwater data was used for
training the NeuSLAM-Net network. Table. IV also serves
as another evidence of the generalizability of our approach.

V. CONCLUSION AND FUTURE WORK

In this work, we presented NeuSLAM, a hybrid dense
visual SLAM system designed for resource-constrained edge
devices. By pairing an efficient shared-encoder network for

joint optical flow and stereo disparity estimation with a
classical geometric back-end for pose graph optimization,
NeuSLAM achieves a practical balance between dense scene
reconstruction and computational efficiency that has previ-
ously been out of reach on embedded hardware. Our learned
front-end, NeuSLAM-Net, achieves state-of-the-art zero-shot
optical flow accuracy on KITTI-2015 and competitive stereo
disparity results while running at over 85 FPS on a desktop
GPU. The full SLAM pipeline achieves trajectory accuracy
competitive with DROID-SLAM on TUM RGB-D while
running 6.5x faster and consuming 87% less GPU memory.
On a Jetson Orin Nano, NeuSLAM operates at 18 and 10 FPS
for RGB-D and stereo setups, respectively, demonstrating
that dense SLAM with competitive accuracy can be achieved
within the strict compute budgets of modern edge devices.

Several directions remain for future work. First, while
our confidence-aware tracking is effective at suppressing
dynamic objects, explicitly modeling scene dynamics, for in-
stance through motion segmentation or object-level tracking,
could further improve robustness in highly dynamic environ-
ments. Second, our system currently relies on ORB-based
loop closure, which can struggle under significant viewpoint
changes. Replacing or augmenting this with learned place
recognition methods, while respecting the edge-device com-
pute budget, is a promising avenue to pursue further. Finally,
extending NeuSLAM to tightly coupled IMU measurements
would broaden its applicability to agile robotic platforms
where visual tracking alone may be insufficient during fast
rotations or temporary occlusions.
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