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Abstract— This paper proposes a new nonlinear factor spar-
sification paradigm for general feature-based long-term SLAM
backend. Given a pose sparsification policy, we aim to scale
the SLAM problem with space explored instead of time in a
principled way so that the number of time-indexed poses can
be limited. At the same time, their influence and the long-lived
landmarks are appropriately maintained. To do this, we propose
a new two-step sparsification pipeline. Given a pose node to
remove, the first step is performed in the Markov blankets of
affected landmarks. It transforms pose-landmark constraints
into pose-pose constraints while preserving observability and
minimizing information loss in the blanket. Moreover, since
landmarks are conditionally independent, we can do this in
parallel, disconnecting a pose from all the landmarks. The
second step marginalizes the pose of interest with pure pose-wise
constraints without affecting landmarks. Our method decouples
the management of landmarks from pose-only measurements,
making it general for any feature-based SLAM. We also give a
practical example of how our backend works by concatenating
it to a monocular VIO frontend. In simulation and real-
world dataset, our sparsified backend is accurate and efficient.
We open-source our backend, along with the VIO+Backend
example, to contribute to the community’s betterment.

I. INTRODUCTION

Towards the goal of long-term autonomy, an essential
task in simultaneous localization and mapping (SLAM) is to
achieve scalability in state and environment representation
[1], [2]. An odometry system provides efficient and accurate
state estimation in the robot’s immediate surroundings by
relying on locally available and recent data [3], [4]. However,
odometry inevitably accumulates drift over time, and modern
SLAM frameworks typically have a loop detection module
and a separate backend to maintain global consistency by
pose graph optimization (PGO) [5], [6].

When a robot operates in a particular area over a prolonged
duration, e.g., a neighborhood community or a campus, the
traditional solution will suffer from unbounded growth in
computational cost even with a lightweight backend pose
graph. Marginalization can be utilized to constrain the node
size of a graph, while sparsification and reduction techniques
[7]–[9] are further proposed to reduce the dense fill-in after
marginalization. However, due to the cost of approximating
the distribution of a local Markov blanket, sparsification is
typically done in pose graphs.

Pose graphs are not obviously translated from low-level
and full-scale factor graphs of SLAM. Modeling loop clo-
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sures as relative pose constraints can lead to information
reuse, violating the widely adopted assumption of factor
independence. This is because loop closure is a situation
where poses observe the same landmarks, and all loop edges
connected to a given pose are calculated with the exact
copy of measurement by that pose, which means these loop
constraints are correlated. Batch offline optimization [10]
circumvents this problem, but it is hard to avoid it when
manipulating pose graphs online. Also, maps recovered from
sparse pose graphs with loop edges can still contain aliasing
[11], [12], since relative pose factors cannot capture the high
nonlinearity of constraints imposed by exteroceptive sensors.
Alternatively, large-scale bundle adjustment (BA) is more
accurate, but its cost renders it impractical for online use.
Therefore, dynamically maintaining a combination of poses
and landmarks seems better suited for the purpose of robust
and scalable long-term localization and mapping.

To overcome the challenges above, we propose a two-step
sparsification pipeline that limits the number of poses while
their influence and the long-lived landmarks are properly
preserved in a backend graph. Our key idea is to separate the
processing of landmark measurements from pure pose-wise
constraints. Given a pose node to remove, we first transform
pose-landmark constraints into pose-pose constraints in the
Markov blankets of the landmarks observed by that pose. We
explicitly construct measurement Jacobians that preserve ob-
servability before solving for new measurement information
via KL divergence minimization. Moreover, since landmarks
are conditionally independent, the Markov blankets can be
processed in parallel, mitigating the complexity of previous
sparsification methods. After the first step, the pose of
interest is disconnected from all landmarks. Then, we can
marginalize that pose with pure pose-wise constraints (e.g.,
relative pose, roll-pitch) in a much smaller Markov blanket.
We highlight the key capabilities of our method:

• Nonlinear factor and landmark maintenance.
• Complexity scaling with space explored.
• Natural and implicit loop closure constraint.
• Smooth transition from full pose-landmark factor graph

to sparse pose graph, given marginalization policies.
• Applicable to most kinds of feature based SLAM.

We also implemented a monocular VIO+Backend system,
and our sparsified backend is shown to be accurate and
efficient in simulation and real-world dataset.

Before delving further, it is important to underscore that
the long-term SLAM problem is multifaceted, while the
focus of this paper is the sparsification of pose-landmark
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factor graph only. We will opensource our implementation1.
The autonomy for frontend design, loop detection, and
marginalization policy is vested in the hands of users.

II. RELATED WORK

In light of the inherent complexity of long-term SLAM, we
choose to narrow our research focus to addressing scalability
concerns, which is also reflected in our literature review.

A. Information Sparsification

Marginalization is a well-known technique that limits
a graph’s node size and preserves its information at the
linearization point. Marginalizing a node causes dense fill-
in in the nodes’ Markov blanket. To solve this problem,
GLC [7] is proposed to model the dense fill-in as either a
sparse Chou-Liu tree or a dense n-ary factor. NFR [8], [13]
sparsifies the graph into new nonlinear factors and solves
for the measurement information by minimizing the KL
divergence between the original distribution and the designed
new factors. The KLD minimization can also be solved using
factor descent [14].

The idea of NFR is applied to real-world systems. Basalt
[10] extracts pose-pose and roll-pitch factors from the fron-
tend for backend optimization. The dense prior of a sliding
window is approximated using sparsification in VIO [15]
and VO [16]. NFR is also used in underwater vehicles [17]
to alleviate communication burden. All four applications of
NFR mentioned above use the special case of a closed-form
solution, which is inflexible since the dimension of nonlinear
measurements is the lowest and cannot be increased.

The sparse topology is optimized in [18], [19] by selecting
significant off-diagonal blocks of the target information ma-
trix that approximates the original. However, the threshold is
highly problem-dependent and may result in an undesirable
connection that is hard to model using nonlinear functions.
Several predefined topology design policies and their KLD
performance are discussed in the pose graph case [20]. How
to design nonlinear factors for novel node connections, e.g.,
landmark-landmark constraints, is still being determined.

On top of sparsification, it is possible to enforce conser-
vative constraint at the same time [18], [21], [22] to avoid
overestimating accuracy in state estimation.

B. Measurement Selection

Another class of methods improves the scalability of
SLAM by selecting a subset of raw measurements for
optimization, which is free of approximation error by design
[23]. Different criteria are used to guide the selection,
for example, D-optimality and t-optimality of the graph
[23]. [24] selects proper edges by maximizing algebraic
connectivity, a metric statistically related to lower error. A
geometric criterion for selecting both edges and vertices of a
dense graph is proposed in [25], which focuses on the even
distribution of nodes in space. [26] proposes an information-
theoretic algorithm to select landmarks and poses, which
evaluates the information loss before and after the deletion

1https://github.com/lewisjiang/ops

of the selected node. Greedy selection proves close to the
optimal choice of measurement subset [27]. Selection-based
methods cannot enjoy the benefit of observations over a long
horizon, which stably summarizes all historical information.

C. Long-term SLAM Examples

Here, we primarily focus on the techniques used in the
backend that contribute to the scalability of the whole system.

In [28], a sound probabilistic approach combining a Rao-
Blackwellized particle filter with a hidden Markov model
is used for lifelong localization. Temporal scalability is
achieved with a pose node reduction policy [9], and an im-
pressive long-term visual SLAM experiment is conducted to
showcase the efficacy. A submap-based graph sparsification
is utilized to limit computation and memory complexity over
time [29]. SLAM++ [30] incrementally maintains a backend
graph and uses proximity and information gain as the criteria
to accept new nodes into the system. In these methods, pose
graph is a popular choice for managing sparsity, but it is
unclear how to incorporate landmarks while still keeping the
complexity manageable. More recently, ObVi-SLAM [31]
relies on a sparse objects map for robust and long-term
localization. Currently, their map topology is too simple, and
maintenance (e.g., sparsification) is done offline.

Map-centric SLAM can directly scale the problem with
space explored instead of time. Elastic LiDAR fusion [32],
[33] models the map as nodes interconnected with neighbors,
and continuously localizing and updating this map will not
increase overall complexity. However, how to maintain graph
edges in case of scene change needs to be clearly addressed.

Some learning-based methods suitable for long-term
SLAM, e.g., neural implicit representation, are worth men-
tioning. One notable work called NeRF-W [34] models light-
ing and transient objects alongside the static environment,
which is appealing for long-term map representation.

III. PRELIMINARIES

A. Nonlinear Factor Recovery

Nonlinear Factor Recovery (NFR) [8], [13] uses a set of
new and possibly sparse nonlinear factors to approximate the
original distribution stored in a Markov blanket by solving
a KL divergence minimization problem. While its initial
purpose is to use sparse factors to approximate a dense
linear prior distribution, we use it to re-distribute information
among manually allocated measurements within a Markov
blanket, another type of “sparsification”. In this problem,
the prior multivariate distribution p(x) ∼ N (µµµ0,Σ0) is
approximated by another distribution pa(x) ∼ N (µµµa,Λ

−1
a ),

and their similarity is measured by KL divergence [8]:

DKL(p(x)|pa(x)) =
1

2

(
〈Λa,Σ0〉 − log det(ΛaΣ0) + ‖µa − µ0‖2Λ−1

a
− d
)
(1)

where 〈·, ·〉 is matrix inner product and d is a constant.
Obviously, to minimize DKL(p(x)|pa(x)), the mean of old
and new distributions should be equal, and Λa should be
positive-definite. More specifically, if we know Jacobians
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of the new set of independent nonlinear factors, we can
calculate the information of each factor by solving:

min 〈J>a ΩaJa,Σ0〉 − log det(J>a ΩaJa)

s.t. Ωa = diag(· · · ,Ωi, · · · ), Ωi � 0

Ja = [· · · ,J>i , · · · ]>
(2)

where Ji and Ωi have the same row dimension, Ja is known
and we want to solve for its corresponding information
Ωa. The problem in (2) can be solved analytically if Ja is
invertible, and generally it can be solve with Interior-point
(IP) method. Please see [8], [14], [20] for detailed discussion.

IV. METHODOLOGY

A. Overview

Inspired by many sparsification theories and applications
[7], [8], [10], [13], [15]–[17], [19], we develop a backend
framework that uses a graph of both poses and landmarks
as the map representation for long-term SLAM. New poses
connect with the past via long-lived landmarks, so we only
keep necessary types of factors in the graph, namely relative
pose, global roll-pitch (as prior, or made observable in
aided inertial navigation systems), global position + yaw (as
prior, or made observable with GNSS), and the measurement
functions of exteroceptive sensors (e.g., cameras, LiDARs)
that connect poses with landmarks. Also, we assume the
marginalization decision is given outside our framework, and
the sparse pattern is also user-defined, as long as it does not
cause wrong degrees of freedom for the constraints.

B. Landmark-centered Markov Blanket

As mentioned in Sec.I, using pose-pose constraints in case
of loop closure causes double counting, and a pure pose
graph can have low accuracy. As a result, we decide to
model landmarks in the graph to act as a medium between
current and historical poses in case of loop closure or
relocalization. We start by considering landmark information.
Throughout this section (Sec.IV), we use the notations in
Fig.1 to illustrate our idea and derive equations.

We first consider Markov blankets centered at landmarks.
The state of a landmark solely depends on poses in the blan-
ket (see Fig.1). Therefore, it is reasonable to manipulate the
local graph when seeking sparsity [8]. The sparse topology
can be manually designed, and we aim to transform pose-
landmark constraints into pose-pose constraints in a Markov
blanket. Let us take landmark f1 in Fig.1a for example: we
can remove measurement z31 and adjust the information of
z11, z12, u12, u23 using NFR [8] to achieve sparsity, and the
nonlinear functions for new factors are readily available–just
the same as original z and u’s.

1) Observability-aware nonlinear pose-pose constraint:
The above mentioned method need to adjust u12, u23 for
each landmark, which disables parallel processing of Markov
blankets. One way to enable it is to keep u12, u23 unaltered
until all the landmark blankets finish, at the cost of figuring
out which nonlinear functions the additional factors v13 and
v23 are from. This is not trivial, and readers can take Fig.1b

as a bearing-only measurement case, and try to imagine what
nonlinear constraints should v13 and v23 satisfy. The good
news is that we can first find the Jacobian of v13 and v23

by construction. Let us still use Fig.1 as an example. In the
original Markov blanket, we have:

Jmb =

 Jz11
(x1) Jz11

(f1)
Jz21(x2) Jz21(f1)

Jz31(x3) Jz31(f1)


(3)

where Jz11
(x1) = ∂z11

∂x1
and the others are likewise. After

disconnecting z31 and adding v13 and v23, we have the new
Jacobian:

J′mb =


Jz11(x1) Jz11(f1)

Jz21(x2) Jz21(f1)
Jv13

(x1) Jv13
(x3)

Jv23
(x2) Jv23

(x3)


(4)

Note that the Jacobian for new measurements z′11 and z′21
are the same as those for z11 and z21, since they have the
same measurement model (nonlinear function) at the same
linearization point. Next we show how to construct a solution
to Jv’s, and a sufficient condition to get this solution. Take
Jv13

for example. Suppose the minimal parameterization of
landmark f1 is nf -dimensional, and the matrix

Jz11,z31
(f1) =

[
Jz11

(f1)
Jz31

(f1)

]
(5)

has mf (> nf ) rows and rank(Jz11,z31
(f1)) = nf . Then we

can calculate the left null space of Jz11,z31(f1) denoted as
Uz11,z31(f1) with orthonormal columns that satisfies:

Jz11,z31
(f1)
>Uz11,z31

(f1) = 0 (6)

Now we stack the first and third block rows of (3) and project
to the left null space of landmark Jacobians, which yields

[Jv13
(x1),Jv13

(x3)] = U>z11,z31
(f1)

[
Jz11

(x1) 0
0 Jz31

(x3)

]
(7)

This gives a solution to the Jacobians of nonlinear function
v13, and the sufficient condition is in our assumption: mf >
nf . This condition is easily met, for example in monocular
camera, 2 observations give 4 dimensions of measurements,
while the DoF of a feature point is 3. The new Jacobian in
(4) spans the same row space as the original measurements
and ensures rank(Jmb) = rank(J′mb), which means no
additional or deficient degree of freedom exists in the new
measurements, and the observability is preserved.

2) Information approximation: It turns out that with the
designed Jacobians in (4), the measurement information in
the Markov blanket can be exactly re-expressed without
approximation.

Proposition 1: Given Jmb from (3) and J′mb from (4) with
new rows calculated as (7), and given a full rank information
matrix Ωmb, there exists a Ω′mb such that:

J>mbΩmbJmb = J′>mbΩ
′
mbJ

′
mb (8)

Proof: Null space projection used in (7) is equivalent to
linear row operations, so we can find a matrix A such that:
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(b)

Landmark
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Pose node

Markov
blanket node

Old meas.

Composite
meas.

Irrelavent
meas.

(c)(a)

Fig. 1: Illustration of sparsification around pose X3. (a) The Markov blanket of landmark f1 observed by pose X3, and all
the measurements u, z in the blanket. (b). In the Markov blanket of f1, we transform pose-landmark constraint z31 into pose-
pose constraints, and also recalculate the information of each new measurement (orange dotted curves) using sparsification
techniques. (c) We do the same for all the landmarks observed by X3, and X3 is then disconnected from landmarks.

J′mb = AJmb. Therefore a solution is A>Ω′mbA = Ωmb,
which can be solved by methods like eigen decomposition.

Remark 1: Proposition 1 justifies the effectiveness of our
Jacobian construction method in terms of information preser-
vation. It is possible to use trivial Jacobians (e.g., one-hot
rows) in (7) while keeping their rank unchanged. However,
that cannot guarantee an Ω′mb for (8) to hold.

Note that J>mbΩmbJmb is the information matrix of
the measurements in the Markov blanket by definition.
The exact solution of Ω′mb is generally not block diag-
onal, which means undesirable correlation exists among
v13,v23, z

′
11, z

′
21. To minimize information loss, we formu-

late a sparsification problem as (2) to find the independent in-
formation matrices of measurements v13,v23, z

′
11, z

′
21, given

their Jacobians and the original distributions.
Another concern in approximation is rank-deficient infor-

mation matrices. Solving with minimum parameterization
can avoid the problem [19], e.g., using relative pose in
an anchored local pose graph. However, the states in the
landmark’s Markov blanket are generally extremely under-
constrained, and it is not trivial to derive a set of new
parameterizations for every problem we solve. For this
reason, we adopt the projection-based method [8] to handle
the information approximation in a lower dimensional space
and reproject the results back to the original space where the
solution is physically meaningful.

C. Pose-centered Markov Blanket

After transforming all the pose-landmark measurements
into pose-pose constraints for X3 (see Fig.1c), we pro-
ceed to the second step of approximation: either do an-
other sparsification over the Markov blanket of X3, or just
marginalize it, affecting only a handful of poses. If we
decide to keep X3 in the states, we can create relative pose
constraints u′12,u

′
13,u

′
23, by merging the original relative

pose constraints (u12,u23) and the new pose-pose constraints
(v13,v23). At this step, keeping the linearization point as
in the previous step is crucial since the extracted pose-
pose constraints are yet to be subsumed into relative pose
factors at their operating point. It is clear that v13,v23 only

transmit information from the landmark’s Markov blanket to
the pose’s, and their exact nonlinear form is insignificant.

Up to now, we have removed a pose from the graph,
limiting the graph size while trying to minimize information
loss. Future optimization will be carried out with the newly
generated nonlinear factors.

V. EXAMPLE: VIO + PROPOSED BACKEND

This section describes a concrete example of using our
backend by concatenating it to OpenVINS [35], a filter-based
visual-inertial odometry. We chose it as the frontend because
it rigorously follows consistency principles by design. We
include this small example in our open-source code since
the monocular-inertial suite is perhaps practitioners’ most
widely used sensory modalities.

A. Information from Frontend with Adaptation Graph

The direct marginal pose information from the Kalman
filter contains a hybrid of exteroceptive and interoceptive
measurements, which is unfavorable if we want to model
landmarks separately. To ensure the factors fed into the
backend are traceable and abuse-free (e.g., no measurement
double counting), we design a small adaptation factor graph
to transform filter information into backend factors.

The small adaptation graph acts as a buffer for filter
information. It has the same length as the filter clone poses,
the maximum number of poses a filter can constrain at a
time. It does not optimize state values. Instead, it sparsely
approximates constraints with values directly from the filter.
Fig.2a shows that when a new clone is created in the filter,
we marginalize old inertial states and add newly produced
linear MSCKF constraints (i.e., pose-pose constraints from
observing transient features [35]). Note that the prior factor
contains 6 DoF pose information from initialization. There-
fore, this small factor graph is well-constrained. Fig.2b illus-
trates the marginalization with involved states. Fig.2c does
a sparsification over poses affected by MSCKF constraints
and the prior factor. At this step, we can include a roll-pitch
factor [10] in the approximating factors (P3 factor also has a
copy, and NFR resolves this), which is globally observable
and can constrain the backend graph.

10256



Existing graph New filter data

(a)

(b)

(c)

Pose node

Factor/Constraint Affected nodes

Landmark node Inertial state node

Marginalized node

Old factor connection

New factor connection

Factors: P: prior; RP: roll-pitch; I: imu factor; M: MSCKF factor

Fig. 2: Workflow in case the arrival of new measurement
data from the filter at the small adaptation graph.

When the oldest pose is marginalized from the filter,
we remove the corresponding node from the small graph
and add it to the backend graph with its factors. In this
way, only camera measurements, roll-pitch and relative pose
factors are added to the backend, and the information about
unobservable directions always stays in the small factor
graph, which naturally preserves the observability pattern.

B. Loop Closure Management

We do not handle loop constraints explicitly because the
visibility of the same set of landmarks naturally establishes
the connection and corrects the drift. Nevertheless, we do
a coarse PGO to avoid local minima caused by suboptimal
initial guesses if it essentially contradicts the loop constraint.
We argue that this has no probabilistic effects.

Despite the simplicity of handling the case of rediscover-
ing previous landmarks, special care should be taken when
marginalizing a pose at the crossroads of loop closure. This is
because the PnP problem solving for a relative pose between
the two loop poses can be ill-posed in the Markov blanket.

VI. EXPERIMENTS AND RESULTS

A. Simulation

In this section, we explore the relationship between op-
timizing the sparsified graph’s computation cost and the

TABLE I: Simulation configuration

Parameter Value Parameter Value

IMU Freq. (hz) 200 Max IMU Clones 11
Camera Freq. (hz) 10 Max Cam. Obs. Dist. (m) 7.0
Gyro. White Noise 1.7e-4 Max Cam. Track. Pts. 250
Accel. White Noise 2e-3 Max SLAM Feat. in State 50
Gyro. Rand. Walk 1.9e-5 Sim. Duration (s) 800
Accel. Rand. Walk 3e-3 Approx. Traj. Length (m) 2040

Fig. 3: Top: groundtruth trajectory (blue) and landmark
points (red). Bottom: sparsified graph (green). Note that the
pose-landmark constraints are not visualized. The size of
background grids is 10m× 10m each.

resulting pose estimation accuracy via simulation [35] with
configuration as listed in Tab.I. The simulator provides a
direct ID of each landmark, making loop closure much easier.
The “Full-SLAM” method means a backend graph without
removing anything. The test trajectory is generated around a
50m× 50m square area and is perturbed with some smooth
rotation and translation to avoid exactly repeating previous
laps. The ground truth trajectory and the final sparsified
graph of poses is shown in Fig.3. We run 10 laps around
the area, generating about 2km of data. We admit that the
duration is not extremely long, but according to experiment
results, the trend has been revealed in the test period (either
converged or growing without bound), see Fig.4.

The results show that sparsification can bound the error
of state estimation while significantly more resource efficient
than the full SLAM approach. Interestingly, the VIO frontend
has a slightly better RMSE before loop closing than “full
SLAM”. We think this is caused by the information loss
in the small adaptation graph, and the relinearization of
landmarks also shifts the mean state values slightly away
from the filter estimate. The “sparsified” one is slightly
better, maybe due to marginalizing unstable poses.

B. Real-world dataset

Similar to Basalt [10], we also test on EuRoC [36] dataset.
We select four baseline backend methods apart from VIO,
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TABLE II: RMS ATE of the estimated trajectory in meters on EuRoC dataset, and the sparsity information. Note that all
the methods except VIO runs periodically during the trajectory, and only the result of the last optimization (i.e., over the
whole sequence) is reported. The proposed method only uses poses remained in the graph for calculating RMSE, but the
graph is sparsified online following each optimization.

Methods + MH 01 MH 02 MH 03 MH 04 MH 05 V1 01 V1 02 V1 03 V2 01 V2 02

Mono-VIO 0.07 0.24 0.12 0.18 0.45 0.05 0.07 0.07 0.13 0.07
Simple loop 0.12 0.28 0.59 0.27 0.66 0.34 0.20 0.24 0.14 0.14
Weighted loop 0.07 0.24 0.12 0.18 0.45 0.06 0.07 0.08 0.13 0.07
Dense pairwise constraint 0.07 0.24 0.11 0.18 0.45 0.05 0.06 0.07 0.13 0.07
Full SLAM 0.07 0.22 0.10 0.17 0.47 0.05 0.04 0.07 0.10 0.06
Proposed 0.08 0.24 0.13 0.17 0.43 0.06 0.06 0.06 0.10 0.06

Final pose number after sparsif. 310 472 357 277 283 360 376 505 281 472
Total camera poses * 2768 2243 2295 1600 1834 2784 1595 1989 2160 2244
+ The number of loop closures affects improvements from global optimization.
* Due to IMU initialization, etc, this may not equal to the total frames of images in the dataset.
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Fig. 4: Optimization time consumption and accuracy over
time, compared with full SLAM and VIO. Batch optimiza-
tion is done every 250 frames (about once every 1/4 lap).

including
1) Simple loop [37], [38], which uses identity information

matrix in all consecutive and loop relative constraints.
2) Weighted loop [10]: the information of each relative

pose measurement is from the adaptation factor graph,
which has more accurate measure of uncertainty.

3) Dense pairwise constraint [12], [39]: add pairwise con-
straints for every possible pair, either in local window
or in loop closure. Initially for LiDAR SLAM.

4) Full SLAM: use all the factors from the adaptation
graph (Sec.V-A) without any approximation.

The RMSE results are shown in Tab.II. The full SLAM
is generally more accurate than all other methods, while
the sparsification one follows next. The simple loop method
performs the worst due to incorrect weighting of factors.

We find that limited loops detected do not significantly
increase the estimation accuracy. The same phenomenon
is noticed in [10], which also has limited improvement
over their VIO with their mapper. This could be a dataset
characteristic. To be rigorous about the measurement model,
we only generate descriptors at landmark points, lowering
the chance of finding a loop. Looking at loop records, we
find V2 01 has the most loop points and, therefore, the best
improvement compared to VIO, while in MH 05, there is
only one loop with a pose time difference larger than 3s.

The final poses after sparsification require 2−5s for a run
of optimization. Sparsifying a landmark’s Markov blanket
takes as low as 2ms, and parallelization can accelerate batch
processing. Overall, the sparsification can be done online,
and doing periodic optimization is acceptable.

C. Discussion

Our VIO+Backend example acts as a prototype to prove
the effectiveness of the proposed backend. We expect it to
limit computation cost and bound error, which is verified in
the experiments.

The sparsification policy is currently user-defined, and we
only use an observation density-based strategy. This policy
also affects performance, but it is beyond the scope of this
paper and will be investigated in the future. Also, modern
feature descriptors will be used for loop detection, and
the detected points will be linked to poses with hindsight
since our two-step sparsification naturally separates landmark
operations from intra-pose operations.

VII. CONCLUSION

This paper proposes a new sparsification-based backend
suitable for long-term general feature-based SLAM. The pro-
posed method focuses on efficient and principled operations
to sparsify pose-landmark graphs in a two-step manner. To
demonstrate the effectiveness of our backend, we adapt a
filter-based mono VIO to our backend. The results show that
our sparsified backend can curb computation costs and has
similar error performance as full SLAM.

Due to the space limitation, we have to leave more detailed
experimental investigations (e.g., direct localization accuracy
on the graph, time decomposition) to future reports. Also,
aspects like the marginalization strategy, sparse topology
calculation, minimal requirements for new Jacobian con-
struction, and the influence of correlated measurements (e.g.,
estimating intrinsics online) will be thoroughly studied in our
future works. More learning-based modules for change de-
tection, robust relocalization, and landmark parameterization
will be integrated into our subsequent research.
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