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1. Introduction001

Accurate state estimation is central to robotics and vi-002
sion tasks such as Simultaneous Localization and Map-003
ping (SLAM), mapping, and navigation. In real-world de-004
ployments, systems must fuse diverse sensors—cameras,005
Inertial Measurement Unit (IMU), GNSS, and Light De-006
tection And Ranging (LiDAR)—each with complementary007
strengths and weaknesses. Robustness to sensor diversity008
and domain shifts (e.g., varying environments, lighting, or009
motion patterns) is therefore essential for scalability beyond010
controlled settings. Traditional approaches often adopt011
a discrete-time formulation, solved via Non Linear Least012
Squares (NLLS) optimization [1, 13]. While effective, these013
methods require precise synchronization, cannot easily pro-014
vide estimates at intermediate times, and scale poorly with015
high-frequency or long-duration data. Continuous-time for-016
mulations address these issues by modeling trajectories as017
smooth functions. B-splines [8] are widely used for this018
purpose, but they require careful knot placement and do019
not naturally capture uncertainty, which limits adaptabil-020
ity across sensing conditions. Gaussian Processs (GPs)021
[5, 16] offer a principled alternative, representing trajec-022
tories as distributions over functions with smooth motion023
priors and uncertainty-aware inference. This makes them024
attractive for integrating heterogeneous data streams and025
handling domain shifts. However, most GP-based methods026
rely on batch optimization, which restricts real-time oper-027
ation at scale. Distributed inference with Gaussian Belief028
Propagation (GBP) provides a compelling solution [6, 15].029
By updating estimates incrementally through local message030
passing on factor graphs, GBP enables scalable and decen-031
tralized inference, well suited for continuous sensor streams032
and large environments. Recent systems such as Hyper-033
ion [10] demonstrate this potential using spline-based tra-034
jectories. In this paper, we present G-solver, a general-035
purpose framework that integrates GP priors with GBP for036
continuous-time state estimation (Fig. 1). Our approach037
preserves the smoothness and uncertainty modeling of GPs038
while enabling scalable distributed inference. This makes it039
particularly effective in settings with heterogeneous sensors040
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Figure 1. G-solver. An illustration of a factor graph with the
message-passing algorithm in action, where arrows indicate the
GBP messages exchanged between nodes. The state variable is
modeled continuously using GP prior factors, and the associated
GP covariance is depicted in gray.

and shifting domains. Experiments confirm that G-solver 041
achieves higher accuracy than existing methods while main- 042
taining competitive runtime. Our contributions are: 043

• a novel formulation combining GP priors with GBP for 044
continuous-time SLAM; 045

• efficient and decentralized inference that naturally han- 046
dles asynchronous and diverse sensor data; 047

• a consistent representation where GP parameters jointly 048
govern optimization and trajectory inference; 049

• an open-source implementation of G-solver. 050

2. G-solver 051

G-solver is a continuous-time SLAM solver that combines 052
GP priors with GBP. Motion between poses is modeled with 053
a constant-velocity GP prior, introduced as a binary factor 054
in the graph. Compared to spline-based methods [10], this 055
formulation requires only one tunable hyperparameter, nat- 056
urally encodes uncertainty (Fig. 3), and directly contributes 057
to the optimization. Since states lie on SE(3), we rely on 058
⊞/⊟ operators [9] to move between the manifold M and 059
tangent space TµM, enabling linearization and uncertainty 060
propagation. Following standard factor graph notation [7], 061
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Figure 2. Locally Linear Approximation. Between times ti and
ti+1, a constant-velocity GP prior links local pose variables ξi(t)
with the global trajectory state {T(t),ϖ(t)}.

variables xi and factors fi are represented as Gaussians:062

xi ∼ N−1(ηxi
,Λxi), fj ∼ N−1(ηfj ,Λfj ), (1)063

with mean µ, covariance Σ = Λ−1, and information vec-064
tor η = Λµ. Inference is then carried out by GBP local065
message passing.066

2.1. Continuous-time estimation using GP067

To obtain a continuous-time estimate, the trajectory is repre-068
sented as a GP x(t) ∼ GP(µ(t),KKK(t, t′)) with the Markov069
state070

x(t)
.
= {T(t),ϖ(t)}, (2)071

where T(t) ∈ SE(3) is the pose and ϖ(t) ∈ R6 the body-072
centric velocity ([ν(t),ω(t)]⊤). We incorporate the above073
in the factor graph by defining a constant-velocity prior en-074
coded as a binary factor between consecutive poses (Fig. 2),075
yielding the error term:076

ei =

 (Ti+1 ⊟Ti)⊟ Exp(∆tiϖi)(
iRi+1 0
0 iRi+1

)
ϖi+1 −ϖi

 , (3)077

which penalizes deviations from constant velocity on the078
manifold, where Ti,Ti+1,ϖi,ϖi+1 are the global state079
variables, and ∆ti = ti+1−ti is the time difference between080
consecutive poses. Moving to the local Markov state:081

γi(t)
.
=

[
ξi(t)

ξ̇i(t)

]
, ξi(t) = Log(T−1

i T(t)), (4)082

where we represent the local pose variable in the tangent083
space with ξi(t), and the velocity expressed in the local084
frame as:085

ξ̇i(t) =

(
iRt 0
0 iRt

)
ϖ(t). (5)086

As in [2], state transitions follow the constant-velocity087
model088

γi(ti+1) = Φ(∆ti)γi(ti), Φ(∆ti) =

[
1 ∆ti1
0 1

]
, (6)089

where Φ is the transition matrix. ϖ̇(t) is modeled as a zero-090
mean white-noise GP:091

ϖ̇(t) ∼ GP(0,QCδ(t− t′)) (7)092
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Figure 3. Trajectory Mean and Covariance. Continuous-time
estimates on a torus trajectory. Uncertainty grows in regions with-
out measurements.

where QC is the power spectral density and the sole hyper- 093
parameter of our framework [5]. By integrating this process 094
twice, we obtain the prior covariance matrix: 095

Qi =

[
1
3∆t3iQC

1
2∆t2iQC

1
2∆t2iQC ∆tiQC

]
, (8) 096

Finally, each GP factor introduces an energy cost 097

Ei =
1
2e

⊤
i Q

−1
i ei. (9) 098

099

2.2. Gaussian Belief Propagation with GP 100

GBP is an iterative message-passing algorithm [11]. In our 101
scenarios, since states lie on SE(3), incoming messages 102
(min ∼ N (µin,Λ

−1
in )) must be projected to the tangent 103

space (mτ
in ∼ N (τ in, (Λ

τ
in)

−1)) as follows: 104

τ in = µin ⊟ µ0, (10) 105

Λτ
in ≈ Λin, (11) 106

where, without loss of stability, we adopt a direct covari- 107
ance approximation for efficiency, differently from first- 108
order corrections in [10, 15]. Internal computations are then 109
carried out on τ in = (ξi(t)

⊤, ξ̇i(t)
⊤)⊤ ∈ R12, a formula- 110

tion that extends naturally to Euclidean entities (e.g., land- 111
marks in R3). GBP involves variable updates, factor up- 112
dates, variable-to-factor message generation, and factor-to- 113
variable message generation. The first three steps follow 114
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[15]; we highlight the factor-to-variable message, which115
differs from [10].116

Factor-to-Variable Message A factor-to-variable mes-117
sage represents the probability distribution of the recipi-118
ent variable that minimizes the factor cost. To compute it,119
we first condition the factor with incoming messages to ob-120
tain the joint distribution over connected variables, and then121
marginalize out the recipient. Denoting by α the recipient122
and by β the remaining variables information, we write:123

ηCf
=

(
ηα

ηβ

)
=

(
ηfα

ηfβ
+ ηxβ→fj

)
, (12)124

ΛCf
=

[
Λαα Λαβ

Λβα Λββ

]
=

[
Λfαα

Λfαβ

Λfβα
Λfββ

+Λxβ→fj

]
,

(13)

125

where N−1(ηf ,Λf ) is the factor distribution and126
N−1(ηCf

,ΛCf
) the conditioned joint. The above differs127

from [10], which also conditions on the recipient and risks128
bias. Following [15], we marginalize using the Schur com-129
plement:130

ηMα = ηα − ΛαβΛ
−1
ββηβ , (14)131

ΛMα = Λαα − ΛαβΛ
−1
ββΛβα. (15)132

The outgoing message mfj→xr
∼ N (µfj→xr

,Λ−1
fj→xr

) is133

then obtained by projecting the marginal N−1(ηMα,ΛMα)134
back to the manifold. While each factor minimizes its own135
energy, the GBP process aims at minimizing the global cost136

Etot =
∑
j∈J

1

2
∥ej∥2Λj

+
∑
i∈P

1

2
∥ei∥2Q−1

i

, (16)137

where the first sum covers measurement factors (e.g., pri-138
ors, odometry, camera) and the second the GP prior terms139
Eq. (9), introduced for continuous-time estimation.140

3. Experiments141

Our method achieves accurate continuous-time SLAM with142
robust trajectory estimation and efficiency comparable to143
state-of-the-art solvers. Unlike spline-based approaches144
requiring manual tuning of polynomial degrees and knot145
placement, our GP-based formulation relies on a single hy-146
perparameter QC , automatically inferred from data and nat-147
urally adapting to sensor noise and uncertainties [2, 3]. The148
prior covariance also integrates with GBP posteriors, en-149
abling continuous uncertainty queries after optimization [4]150
(Fig. 3). We compare against Hyperion [10] and Ceres151
[1], both using fourth-order splines for consistency with our152
constant-velocity model [12]. All experiments ran on an In-153
tel(R) Core(TM) i9-14900KF with 16 physical cores.154
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Figure 4. Total Energy over Iterations. G-solver and GN+GP
total energy (Eq. (16)) while solving PGO with noise σ = 0.1.
A G-solver iteration ends when every node is updated and has ex-
changed messages with all its neighbors.

Sphere Factor noise σ

1.00e-04 1.00e-03 1.00e-02 1.00e-01 1.00e+00 1.50e+00

Hyperion ATE [m] 1.69e-04 1.69e-03 1.69e-02 1.69e-01 1.69e+00 2.53e+00
Ours ATE [m] 1.69e-04 1.69e-03 1.68e-02 1.30e-01 7.65e-01 1.16e+00

Table 1. Interpolation Results. Comparison of the sphere tra-
jectory estimate queried at 100 times more frequently than control
points.

Evaluation and Datasets Performance is measured by 155
Absolute Trajectory Error (ATE), the RMSE of position dif- 156
ferences, and Absolute Rotation Error (ARE), the RMSE of 157
orientation discrepancies computed from quaternion inner 158
products. We tested on helix, sphere, and torus trajectories 159
that excite all DoFs in 3D, with anisotropic noise ranging 160
from 1e-4 to 1.5 [m] and from 1e-5 to 0.15 [rad]. We also 161
validate on real data with a ChArUco smartphone sequence, 162
demonstrating robustness and deployability in incremental 163
SLAM. 164

Results We evaluate the solvers on prior measurements 165
(Tab. 2), Pose Graph Optimization (PGO) (Fig. 4), incre- 166
mental SLAM (Fig. 7), and dense post-optimization trajec- 167
tory queries (Tab. 1), highlighting the continuous-time as- 168
pect of our approach. Synthetic tests perturb control point 169
initialization and factors with anisotropic noise from 1e-4 170
to 1.5 [m] and from 1e-5 to 0.15 [rad]. Since our model 171
estimates body twists, initialization is obtained by differ- 172
entiating the initial pose; for Hyperion [10] and Ceres [1], 173
splines are sampled from the same trajectory. In Tab. 2, 174
the solvers perform similarly under low noise. As noise 175
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Sphere Factor noise σ

1.00e-04 1.00e-03 1.00e-02 1.00e-01 1.00e+00 1.50e+00

Hyperion ATE [m] 1.69e-04 1.69e-03 1.69e-02 1.69e-01 1.69e+00 2.53e+00
ARE [rad] 1.78e-05 1.77e-04 1.77e-03 1.77e-02 1.77e-01 2.66e-01

Ours ATE [m] 1.69e-04 1.69e-03 1.68e-02 1.30e-01 7.65e-01 1.16e+00
ARE [rad] 1.78e-05 1.77e-04 1.77e-03 1.75e-02 1.24e-01 1.70e-01

Table 2. Prior Factors Problem. Comparison of the sphere tra-
jectory under varying noise levels in the measurements.
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Figure 5. Metrics along the Sphere Trajectory and Qualitative
Results. The noise levels is σ = 1. The left plots show ATE and
ARE over time, while the right plots compare qualitative results
for G-solver and Hyperion [10].

increases, however, G-solver clearly outperforms the base-176
lines, sometimes by an order of magnitude, as the GP prior177
smooths the trajectory and mitigates noise. Fig. 5 reports178
ATE/ARE trends and qualitative differences with Hyper-179
ion at high noise. The same results pattern arose for he-180
lix and torus trajectories. Runtime comparisons (Fig. 6)181
show that the continuous-time GP representation enables182
efficient queries, supporting online use as argued in [12].183
Comparing G-solver to Gauss-Newton (GN)+GP (Fig. 4),184
both minimizing Eq. (3), reveals that GN converges faster185
due to second-order updates exploiting Hessian structure,186
especially in well-conditioned problems. In contrast, GBP187
relies on iterative message passing (synchronous in all ex-188
periments), which slows convergence in loopy graphs (e.g.,189
PGO) due to oscillatory redundant messages. For prior fac-190
tors alone, however, GBP converges more smoothly since191
the graph contains fewer loops. This highlights how graph192
topology directly impacts message-passing efficiency. Fi-193
nally, to demonstrate real-world deployability, the experi-194
ment in Fig. 7 compares the UcoSLAM [14] pipeline (based195
on g2o) to our method, resulting in an ATE = 5.8 × 10−3196
[m] and ARE = 6.6× 10−5 [rad].197
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Figure 6. Runtimes. To compare runtimes with Hyperion [10],
we exploit the factor-to-variable message, variable-to-factor mes-
sage, and interpolation policy. While the first two are the core
complexity of GBP methods, the last represents continuous-time
estimation. The results are shown in log scale for ease of view.

Figure 7. ChArUco Qualitative Results. Comparison of G-solver
employed for real-world incremental SLAM and the UcoSLAM
pipeline. The scene represents a smartphone camera moving in a
room littered with ChArUco targets.

4. Conclusion 198

We presented G-solver, a continuous-time SLAM frame- 199
work combining Gaussian Process priors with Gaussian Be- 200
lief Propagation. By uniting smooth motion modeling with 201
scalable inference, our method handles asynchronous sen- 202
sors and uncertainty while matching state-of-the-art effi- 203
ciency and improving accuracy. Future work will explore 204
more compact message-passing schemes to reduce cost and 205
extend the model to constant acceleration and noisy jerk for 206
richer motion dynamics. 207
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