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Abstract— LiDAR-Inertial Odometry (LIO) is widely used for
autonomous navigation, but its deployment on Size, Weight,
and Power (SWaP)-constrained platforms remains challeng-
ing due to the computational cost of processing dense point
clouds. Conventional LIO frameworks rely on a single on-
board processor, leading to computational bottlenecks and
high memory demands, making real-time execution difficult
on embedded systems. To address this, we propose QLIO,
a multi-processor distributed quantized LIO framework that
reduces computational load and bandwidth consumption while
maintaining localization accuracy. QLIO introduces a quantized
state estimation pipeline, where a co-processor pre-processes
LiDAR measurements, compressing point-to-plane residuals
before transmitting only essential features to the host processor.
Additionally, an rQ-vector-based adaptive resampling strategy
intelligently selects and compresses key observations, further
reducing computational redundancy. Real-world evaluations
demonstrate that QLIO achieves a 14.1× reduction in per-
observation residual data while preserving localization accu-
racy. Furthermore, we release an open-source implementation
to facilitate further research and real-world deployment. These
results establish QLIO as an efficient and scalable solution for
real-time autonomous systems operating under computational
and bandwidth constraints.

SUPPLEMENTARY MATERIAL

The video, code, and supplementary materials will be
available at: https://github.com/luobodan/QLIO

I. INTRODUCTION

The rise of the low-altitude economy [1] and humanoid
robotics [2]–[4] is accelerating demand for efficient, accurate
[5], [6], and depth-aware 3D navigation [7]. As these systems
expand into general outdoor dynamic environments [8], real-
time [9] localization and mapping must be adapted to meet
increasing constraints on computational efficiency [10]–[13],
power consumption, and deployment feasibility.

LiDAR-Inertial Odometry (LIO) and SLAM have been
widely explored for robotic perception and navigation, with
numerous solutions [10]–[12], [14]–[23] improving mapping
accuracy [24]–[28] and localization robustness [29]–[31].
However, existing methods remain heavily biased toward
algorithmic performance metrics [32]–[35] such as Absolute
Pose Error (APE) and Relative Pose Error (RPE), often
neglecting feasibility for lightweight, real-time applications
[36], [37]. While some approaches improve runtime ef-
ficiency to operate on Size, Weight, and Power (SWaP)-
constrained platforms [10]–[12], [38], they often sacrifice
robustness.

While integrating visual perception [25], [38], [42]–[44]
improves state estimation, it increases computational com-
plexity. The cloud-based LiDAR localization [45]–[47] of-
floads processing but suffers from latency and network con-

Fig. 1. Comparison of Traditional LIO deployment [39]–[41] vs. Proposed
QLIO: Enhancing Efficiency with Distributed Processing.

straints [48], [49]. Efficient compression schemes [50]–[54]
help address bandwidth limitations, yet balancing compres-
sion efficiency and data fidelity remains challenging. Mean-
while, advances in SoC architectures [55] and distributed
processing frameworks [56] are shifting the research focus
to edge computing, optimizing real-time compression, data
transmission, and localized processing under strict SWaP
constraints.

SoC and distributed processing [55]–[57] have proven
effective for 2D visual pipelines. However, deploying such
a solution to 3D LIO in real-world systems remains chal-
lenging due to the trade-off between SWaP and robustness.
Robust algorithms require substantial processing power [58],
yet practical platforms, such as UAVs and humanoids, must
remain lightweight and efficient. This trade-off limits scala-
bility, demanding a rethink of LIO architectures for adaptive
processing and efficiency.

To bridge this gap, we propose QLIO, a multi-processor
distributed quantized LIO framework tailored for edge
devices. Unlike prior work such as Quantized Visual-
Inertial Odometry (QVIO) [56], which applies quantization-
based estimation to visual features [59], [60], QLIO intro-
duces LiDAR-specific optimizations that enhance efficiency
while maintaining localization accuracy. Our method em-
ploys structured point-to-plane residual compression and rQ-
vector-based adaptive resampling to reduce computational
load and bandwidth consumption without compromising

https://github.com/luobodan/QLIO


Fig. 2. QLIO system architecture with a dual-processor setup. The coprocessor handles LiDAR preprocessing, residual quantization, and compression,
while the host processor performs IMU propagation and quantized state estimation, optimizing efficiency for real-time localization.

geometric integrity. Our contribution can be summarized as
follows.

• Distributed Multi-Processor LIO Architecture: We pro-
pose QLIO, a distributed LiDAR-Inertial Odometry
framework, leveraging a co-processor for LiDAR pre-
processing and a host processor for state estimation.
This reduces computational load and bandwidth usage,
specifically tailored for LiDAR data.

• Quantized MAP Estimation for LIO: We introduce a
multi-bit quantized Maximum A Posteriori (QMAP)
estimator for LIO, optimizing 3D LiDAR residuals,
reducing data transmission while preserving localization
accuracy.

• rQ-Vector-Based Adaptive Resampling and Compres-
sion: We present an rQ-vector-based resampling and
compression technique, focusing on LiDAR’s 3D geo-
metric structure to improve data efficiency and minimize
computational redundancy.

• Open-Source LIO Framework with Real-World Vali-
dation: Our open-source QLIO framework is validated
on real-world datasets, demonstrating significant band-
width reduction (14.1×) while maintaining high local-
ization accuracy, making it ideal for SWaP-constrained
systems.

II. RELATED WORKS

To reduce the computational load of the state estimation
[61], LiDAR-SLAM systems often utilize the structural
characteristics to quantize the point cloud measurements
through feature extraction [62]–[65] or voxel downsampling
[10], [11]. In subsequent work, downsampling based on
an octree structure was proposed [66], as well as adaptive
downsampling methods [17] to improve performance in
degradation scenarios [67]. A loop-closure BTC descriptor
[68] was proposed to obtain a lightweight representation
using binary height encoding.

Quantized state estimation [69], though underexplored, has
a foundation in observation quantization. The field originated

from the SOI-KF framework [45], which introduced 1-bit
residual sign discrimination to balance information retention
and efficiency. Later advancements extended quantization
theory to distributed architectures through multi-bit MAP
estimation and IQEKF variants [46], [47], [70]. QVIO [56]
further developed this by integrating dual quantization strate-
gies: zQVIO for multi-bit observation quantization and
rQVIO for 1-bit residual quantization, achieving millimeter
precision with minimal bandwidth. While effective for VIO,
QVIO’s 2D pixel-based quantization does not generalize
to LIO, which depends on 3D point-cloud geometry. Ad-
dressing this gap, QLIO employs structured point-to-plane
residual quantization and adaptive rQ-vector grouping for ef-
ficient LiDAR data compression while preserving geometric
consistency. This innovation bridges quantization theory to
LIO, ensuring accurate and bandwidth-efficient processing.

III. QUANTIZED LIDAR-INERTIAL-ODOMETRY

Our framework inherits architectural principles from
FastLIO2 [10] and QVIO [56], assuming fixed and pre-
calibrated LiDAR-IMU extrinsic parameters excluded from
the optimization manifold. The system maintains the core
state vector defined in FastLIO2:
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R, p, and v represent rotation, translation, and velocity,
respectively. ba and bω are acceleration biases and the
angular velocity of the IMU. g denote the gravity and w
and u denote IMU measurement noise and control input.
Global frame G(·) represents the World-fixed reference
frame initialized at system startup. Body frame I(·) rigidly
attached to IMU with origin at its measurement center,
establishing the inertial reference for kinematic computations
and LiDAR frame L(·) defined by LiDAR’s optical center,
where raw point clouds are initially captured in this right-
handed Cartesian system.



A. System Overivew

Our system architecture comprises two synchronized com-
ponents as illustrated in Figure 2.

xi+1 = xi ⊞ (∆tf (x̂i,ui,0)) , x̂0 = xk−1,
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The host processor performs IMU integration and pose
updates (Equation 4), while a dedicated co-processor ef-
ficiently handles point cloud processing, including nearest
neighbor search and residual computation. Unlike Visual-
Inertial Odometry (VIO) systems that rely on image-based
feature tracking and quantized pixel measurements [56],
our method is tailored for LiDAR-Inertial Odometry (LIO),
leveraging structured point-to-plane residual quantization to
compress geometric information efficiently. By integrating a
quantization-aware four-stage pipeline, our architecture min-
imizes bandwidth and computational costs while maintaining
precise inter-processor synchronization.
1. Upon LiDAR scan arrival at timestamp tk, coprocessor
sent the pose request with the timestamp tk to the host-
processor.
2. The host-processor responds with the relative pose trans-
form ∆Tk = (∆pk,∆Rk) obtained by the short term IMU
integration from tk−1 to tk. Then the coprocessor down-
sample and undistorted the points using the relative pose
interpolation and transform points to the global coordinate
system:
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where ∆Tj =
(
∆pj ,∆pjori

)
respected to the LiDAR

relative pose from the pjori arrived time tj to the end of
the scan tk. Then using the Gpj perform knn search based
on map manager, finding the nearest five points. If the they
can fit an plane, we will find the associations between points
and plane, as well as the residual measurements zi in [10]:
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zi + hi(xk − x̂k) = −vi ∼ N (0,Ri) (8)

where vi and Ri denote the measurment noise and covari-
ance matrix. Residual vector n is obtained by projecting the
displacement vector (pi−mi) onto the normal vector uT

i of
the associated plane.
3.Once point-plane association is established, the overall
state estimation problem will solely depend on the associated
points and residual vectors. We can use s bits quantize them
with fqp(s)

, fqz(s) , f
q
n(s)

and perform resampling(Section III-B):
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and then zip the all quantization result zq,pq ,nq to a group,
Zq , and compressed to the bitstream, transmitting them to
the host processor.

Fig. 3. The residual vector space is quantized into a voxel space based
on INT-2 quantization. 3D points with the same quantized residuals are
grouped into the same hash index. Additionally, the point clouds can be
compressed together according to the hash index.

4.The host processor performs a quantization-based estimator
(Section III-C) and updates the pose to the database.

B. rQ-vector based Resampling and Group Compression

Although point cloud observations have undergone pre-
liminary filtering through voxel downsampling and point-
plane association, the remaining points and residual vec-
tors (28 bytes per measurement based on Float32) remain
computationally intensive for direct transmission, consuming
substantial communication bandwidth. As shown in figure 3,
we propose a quantization-based resampling approach that
leverages quantized residual vector to construct hash indices
and group the points, then adaptive downsample the points
those shared with same rQ-vector. If we assume residual
z = ∥ni∥ < rthr , the quantization discretizes residual
vectors by allocating s bits per axis, creating 2s intervals
in each dimension that voxelize the normal vector space.
This produces 23s unique space cells Ck where k ∈ [1, 23s],
each corresponding to a specific rQ-vector range. For any
observed point pi with original residual vector ni, the
quantization process fqp(s) will generate a 3s-bit hash key.
All points sharing identical nq are aggregated into the same
hash bucket Hk, where the bucket index k can computed by
hash function:

pq
i ∈ Hk, k = hash(nq

i ) (10)

This spatial hashing ensures that the points with similar resid-
uals are clustered into identical buckets. We then perform an
adaptive 3D downsampling process to each buckets, where
downsample size dsk can calculate as follows:

dsk = ds0 + α

nk∑
i=1

1

nk
∥pi∥ (11)

where ds0 is the cloud preprocessing downsampling param-
eter and α is the distance penalty coefficient derived from
the average Euclidean distance of the points within the same
bucket.

Additionally, the filtered points and their corresponding
residuals can subsequently be grouped based on rQ-vectors,
employing a group encoding scheme with shared header
structures to reduce transmission bandwidth. And the groups



Fig. 4. Quantization of the points and their association point-plane
residuals.

Zq can then be constructed as:
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where b(·) denotes the multi-bit binary quantization.

C. Quantization-based Estimation

The quantization-based estimation problem can formulate
as a MAP problem [46] [56]:

argmax p (x|b (z))
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The original measurements of the quantized observation
residuals zq should fall within the quantization interval
between z0 and z1. Using Equation 8 and Q fuction to :
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where Q(x) is the Gaussian tail probability and σ is the
scalar of noise standard deviation that normalizes the mea-
surement noise. The MAP problem(Equation 13) is then
equivalent to minimizing the following cost function:
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By performing Taylor expansion on Equation 16 and the
assumption of quantized measurement-based posterior PDFs
will still be close to bell-shaped Gaussian PDFs [46], [47]

the above equation can be solved using Kalman filtering [10],
[56]:
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Unlike the iterative approach [46], our method is executed in
a single pass, eliminating the need for multiple iterations. For
further technical details, we refer the reader to the relevant
works [47], [56].

IV. EXPERIMENTAL RESULTS

A. Quantization Precision Analysis

We adopt a simple and efficient fixed-point quantization
for the LiDAR point p, the residual vector n and the
meansurment z, which maintains a static codebook config-
uration. We use (−rmax, rmax) to represent the maximum
quantization range of the LiDAR point (e.g. rmax=200m)
and filter out the residual norm greater than the threshold
rthr (e.g. 0.04 m), meaning the residual space is truncated
into a spherical space (see figure 3). Let lp, ln and lz as the
quantization number of bits, fixed-point multi-bit pq , nq , zq

and the required bits number with out rQ N can represent
as:
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pressed to the binary bit stream based on rQ-vector grouping
compressed strategy Equation 12.

B. Real World Experiment

We evaluate the proposed QLIO on the MCD-NTU dataset
[41]. The MCD-NTU dataset was collected using an ATV
within the NTU campus with a solid-state hybrid LiDAR
(Livox-Mid70, Mid), a mechanical LiDAR (Ouster128, OS)
and an external IMU sensor(VN100), including 6 sequences.
Our system is built based on FastLIO [10]. We first conduct
a comparative evaluation between FastLIO and our residual-
quantized (rQ) vector-based resampling strategy (rQrs) em-
ploying fixed hash hierarchy levels (ln = 3, equivalent to
512 hash buckets). The “X” means failed below and the
average absolute trajectory error(ATE) results are shown in
the Table I. It can be observed that the accuracy of FastLIO
has been significantly improved after the application of rQrs,
which is attributed to the resampling of the point observation
and the residual, as shown in the Figure 5.

The fixed-step downsampling method arranges observa-
tions more regularly(see Figure 5.a “without rQ-resample”),



Fig. 5. The test result on MCD-NTU dataset. (a) Conventional methods exhibit uniform planar point distributions, while our rQ-resample strategy preserves
residual coherence, achieving lower ATE with fewer points. (b) Standard INT8 compression to the raw observation (left) induces discrete local map errors
and causes point-plane association failure, whereas residual-aware quantization maintains structural fidelity.

TABLE I
ATE IN METERS FOR DIFFERENT METHODS AND SEQUENCES.

Method/Seq. D01 D02 D10 N04 N08 N13

OS 1.48 0.27 2.08 1.59 2.05 1.29
OS-rQrs 1.28 0.23 1.28 1.25 1.62 0.89

Mid 1.09 0.31 1.63 0.85 1.54 1.88
Mid-rQrs 0.91 0.24 1.47 0.49 1.33 2.33

OS-dacro(8) X X X X X X
Mid-INT(8) X 15.75 X X X X

TABLE II
FOR DIFFERENT METHODS AND SEQUENCES.

Method/Seq. d-c cost/ms p.r bits/mea. avg.num

OS 0 1 96 15020.65
OS-rQrs 0.59 1 96 566.07

Mid 0 1 96 2799.16
Mid-rQrs 0.23 1 96 248.98

OS-dacro(8) 1868.25 3.98 24.12 16555.97
Mid-INT(8) 0.14 4 24 2665.32

yet induces directional residual concentration bias through its
fixed sampling interval, resulting in observation direction im-
balance (as per distribution analysis). However, our method
resolves this imbalance, achieving measurement uniformity
with fewer sampling points while maintaining optimization
stability.

In addition, we implemented two conventional point cloud
compression methods within our LiDAR-Inertial Odome-
try (LIO) pipeline to simulate centralized processing with
fully compressed observations. To our knowledge, con-
ventional compression methods are rarely tested in such
tightly coupled LIO frameworks (most existing evaluations

focus on pure LiDAR odometry like LOAM). Specifically,
we applied INT8 Quantization and 8-bit Dacro two dis-
tinct compression techniques. Both approaches maintained
identical post-processing pipelines with the original LIO
algorithm where p.r (point cloud compression ratio), d-
c (decompress-compress) cost time, and avg.num (average
number of points per scan included in state estimation)
were measured under varying compression configurations.
Surprisingly, both methods exhibited significant performance
degradation: INT8 fails because of the precision loss from
point value truncation destroyed planar continuity, as shown
in Figure 5.b, where original smooth surfaces became dis-
crete grids. This fundamentally disrupted point-to-plane data
association. Dacro limits because of the excessive compres-
sion/decompression latency (see Table II) caused cumulative
IMU integration drift during processing gaps, ultimately
compromising state estimation. It should be noted that the
observed INT8 quantization-induced plane matching failures
may stem from implementation specifics rather than inherent
limitations of INT8 quantization. Alternative quantization
strategies (e.g., log-scale quantization, variable-bit quanti-
zation) could theoretically resolve this, though our exhaus-
tive experiments with these approaches revealed suboptimal
performance-all variants required extensive hyperparameter
tuning with additional parameters (detailed ablation studies
will be documented in the supplementary material) thereby
introducing prohibitive complexity in benchmark control.
Consequently, we adopted the deterministic min-max INT8
quantization scheme to ensure reproducibility, sacrificing
marginal accuracy for experimental stability. Notably, these



approaches represent common paradigms for edge-device
state estimation and we will then introduce our targeted
solution QLIO framework.

TABLE III
ATE METERS/RADS IN DIFFERENT ln INFLUENCES

M/O ln D01 D02 D10 N04 N08 N13

OS
1 X 1.21/0.02 X X X X
2 1.57/0.02 0.25/0.01 1.39/0.03 1.37/0.03 1.54/0.02 0.86/0.04
3 1.41/0.02 0.29/0.01 1.36/0.03 1.36/0.03 1.82/0.02 0.91/0.04

Mid
1 X X X X X X
2 1.96/0.03 0.56/0.02 1.57/0.02 1.32/0.03 3.89/0.02 X
3 1.23/0.03 0.29/0.02 1.41/0.02 0.62/0.03 1.40/0.02 X

TABLE IV
ATE (M/RAD) ACROSS METHODS AND SEQUENCES WITH VARYING lz .

M/O lz D01 D02 D10 N04 N08 N13

OS

1 1.37/0.02 0.24/0.01 1.32/0.03 1.40/0.03 1.76/0.02 0.88/0.04
2 1.57/0.02 0.24/0.01 1.36/0.03 1.32/0.03 1.58/0.02 0.86/0.04
3 1.30/0.02 0.25/0.01 1.44/0.03 1.41/0.03 1.90/0.02 0.88/0.04
4 1.23/0.02 0.24/0.01 1.51/0.03 1.43/0.03 1.79/0.02 0.86/0.04

Mid

1 1.34/0.02 0.43/0.02 1.93/0.02 1.75/0.04 3.09/0.02 X
2 1.99/0.02 0.29/0.02 1.97/0.02 1.23/0.03 3.28/0.02 X
3 1.36/0.02 0.32/0.02 1.38/0.02 1.21/0.04 1.56/0.02 X
4 1.26/0.02 0.31/0.02 1.57/0.02 1.26/0.04 2.46/0.02 X

We first performed comparative ablation studies on resid-
ual component quantization bits ln versus residual-vector
quantization bits lz (which may also directly determine the
number of the hash bucket) systematically varying each
parameter from 1-bit to 3-bit configurations under rQrs. This
parametric sweep enabled empirical analysis of accuracy
variations under progressive quantization refinement. Our
experiments demonstrate that residual vector quantization
with ln = 1 consistently induces system failure across both
OS and MID platforms, indicating catastrophic sensitivity to
insufficient quantization precision. The experimental results
of increasing the quantization level reveal distinct platform-
dependent characteristics: ln demonstrates negligible ac-
curacy variation on OS, whereas MID exhibits consistent
precision improvement that correlates with its unique multi-
echo radar architecture. As the residual-vector quantization
bits lz increases, both MID and OS demonstrate minimal
variation across all test sequences, with the notable exception
of the N13 sequence (as shown in Table V).

On the N13 sequence involving rapid 180° rotations, we
observed MID70 divergence. This is attributed to mid70’s
single-frame observation mechanism, which differs from
Ouster in that it fails to capture a complete spherical point
cloud. The incomplete spatial sampling leads to concentrated
distributions of residual vectors after low-bit quantization,
significantly disrupting original data associations. As we
progressively increased quantization bits, system accuracy
recovered accordingly. Precision returned to baseline levels
when ln = 3. This demonstrates that QLIO requires higher
bit allocation under degraded conditions to maintain system

Fig. 6. The total bits per frame in D10 seq.

stability. However, even when increasing to 4-bit quantiza-
tion (compared to the original 32-bit float representation),
this tradeoff remains worthwhile for devices with stringent
communication bandwidth requirements.

TABLE V
ATE UNDER VARYING lz AND ln USING MID70 IN N13.

N13-MID ln = 1 ln = 2 ln = 3

lz = 1 X X X
lz = 2 X X 1.31/0.04
lz = 3 X 15.54/0.14 1.25/0.04
lz = 4 X 4.14/0.06 1.45/0.04

Based on our prior experiments, we fixed the 3-bit
residual vector quantization and 2-bit residual quantization
schemes(ln = 3, lz = 2) then conducted systematic tests
on LiDAR point quantization bits ranging from 3 to 12 bits
using Ouster. The corresponding ATE meter/rads results, per-
observation bit counts, and byte consumption are detailed
inTable VI .The results demonstrate that implementing the
rQrs strategy significantly enhances precision while dras-
tically reducing observation counts. This efficiency gain
stems from our group compression protocol - points sharing
same rQ-vector are packaged together during compression,
thereby reducing the cost required for rQ-vector processing.
Surprisingly, significant fluctuations in the quantization bit
number did not lead to substantial accuracy loss. Notably,
progressive reduction of quantization bits from 12 to 3
bits reveals a precision-bandwidth trade-off: 3-bit quanti-
zation achieves minimal measurement overhead (5.84bits
per mea.)but also the minimal precision while more bit
quantization achieves more precision gain. Crucially, even
with 12-bit quantization under rQrs(14.84bits per mea.), total
per-frame bandwidth consumption on the MCD-D10 dataset
remains below 1.5kB(as shown in Figure 6). This translates
to <1.2Mbps total bandwidth usage, enabling practical trans-
mission via edge-device-friendly protocols like UART/SPI
(typically supporting 1-10Mbps rates).

V. CONCLUSION AND FUTURE WORK

QLIO redefines LIO deployment on edge devices by
integrating multi-processor quantization, adaptive resam-
pling, and extreme bandwidth reduction. It enables real-
time LiDAR state estimation on low-power platforms such



TABLE VI
ATE IN METERS/RADS AND THE BITS/BYTES OCCUPATION PER MEASUREMENTS FOR lp AND SEQUENCES.

seq rQrs lp = 3 lp = 4 lp = 5 lp = 6 lp = 7 lp = 8 lp = 9 lp = 10 lp = 11 lp = 12

D01 w/o 2.95/0.04 2.10/0.04 1.76/0.04 1.62/0.04 1.59/0.04 1.63/0.04 1.61/0.04 1.57/0.04 1.64/0.04 1.68/0.04
w/ 1.98/0.03 1.74/0.03 1.51/0.03 1.52/0.03 1.40/0.03 1.48/0.03 1.46/0.03 1.55/0.03 1.44/0.03 1.51/0.03

D02 w/o 0.33/0.01 0.31/0.01 0.32/0.01 0.31/0.01 0.31/0.01 0.31/0.01 0.31/0.01 0.32/0.01 0.31/0.01 0.31/0.01
w/ 0.24/0.01 0.24/0.01 0.25/0.01 0.26/0.01 0.25/0.01 0.25/0.01 0.25/0.01 0.25/0.01 0.26/0.01 0.26/0.01

D10 w/o 2.74/0.04 2.52/0.04 2.74/0.04 2.76/0.04 2.63/0.04 2.71/0.04 2.69/0.04 2.66/0.04 2.61/0.04 2.58/0.04
w/ 1.18/0.04 1.06/0.04 1.31/0.04 1.27/0.04 1.36/0.04 1.34/0.04 1.30/0.04 1.30/0.04 1.42/0.04 1.30/0.04

N04 w/o 1.60/0.03 1.61/0.03 1.64/0.03 1.64/0.03 1.67/0.03 1.66/0.03 1.70/0.03 1.67/0.03 1.67/0.03 1.65/0.03
w/ 1.21/0.03 1.27/0.03 1.31/0.03 1.41/0.03 1.31/0.03 1.37/0.03 1.41/0.03 1.39/0.03 1.39/0.03 1.40/0.03

N08 w/o 2.62/0.02 2.76/0.02 3.17/0.02 2.91/0.02 3.08/0.02 2.98/0.02 2.98/0.02 3.07/0.02 3.06/0.02 2.89/0.02
w/ 2.07/0.02 1.53/0.02 1.67/0.02 1.85/0.02 1.68/0.02 1.48/0.02 1.54/0.02 1.84/0.02 1.56/0.02 1.75/0.02

N13 w/o 1.41/0.05 1.34/0.05 1.30/0.05 1.30/0.05 1.29/0.05 1.29/0.05 1.29/0.05 1.30/0.05 1.29/0.05 1.29/0.05
w/ 0.89/0.05 0.85/0.05 0.86/0.05 0.87/0.05 0.88/0.05 0.88/0.05 0.89/0.05 0.87/0.05 0.87/0.05 0.87/0.05

avg.b/B w/o 20/2.50 23/2.87 26/3.25 29/3.62 32/4.00 35/4.37 38/4.75 41/5.12 44/5.50 47/5.87
w/ 5.84/0.73 6.84/0.85 7.84/0.98 8.84/1.10 9.84/1.23 10.84/1.35 11.84/1.48 12.84/1.60 13.84/1.73 14.84/1.85

as drones and humanoid robots. Unlike 2D visual feature
quantization methods like QVIO, QLIO introduces structured
3D point-to-plane quantization and a LiDAR-specific MAP-
based estimator. The experimental results show a 15.1× per-
observation bandwidth reduction while preserving localiza-
tion accuracy, demonstrating the need for sensor-specific
quantization strategies in LiDAR odometry.

However, QLIO currently relies on heuristic quantization
parameters, which may limit adaptability to dynamically
changing environments. Additionally, its multi-processor
architecture, while improving efficiency, introduces hard-
ware dependencies that require careful integration with dif-
ferent computing platforms. Our future research will pri-
oritize the development of an intelligent parameter opti-
mization framework, such as implementing a reinforcement
learning-based architecture with multi-head attention mech-
anisms for adaptive point cloud feature selection. This ap-
proach will systematically replace heuristic parameter design
in QLIO with bandwidth-aware optimization, particularly
improving spectral efficiency in SLAM applications through
adaptive data compression strategies based on communica-
tion condition monitoring.
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