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ABSTRACT: Simultaneous localization and mapping (SLAM) must remain reliable when sensing suites and operating
conditions vary across platforms and deployments. Beyond correspondence degradation, a dominant deployment fail-
ure mode is misweighted constraints: under distribution shift, uncertainty estimates can become miscalibrated, allowing
a small set of overconfident factors to dominate iterative optimization and destabilize inference. This article presents
conformal-calibrated foundation-factor graph SLAM (CF2-SLAM), a sensor-agnostic framework that combines frozen
foundation representations with lightweight probabilistic factor heads that emit explicit residuals and covariances,
and a classical factor-graph back-end for principled multi-modal fusion. To mitigate systematic misweighting under
shift, an online conformal calibration layer is introduced to rescale factor covariances by aligning empirical residual
quantiles with target quantiles on a per-factor-family basis. Loop closure is further integrated through foundation-
descriptor retrieval for candidate proposal and conservative geometric verification for graph insertion, controlling false
loop constraints without relying on dataset-specific place-recognition supervision. Across heterogeneous benchmarks
spanning monocular, stereo, red-green-blue-depth (RGB-D), and visual-inertial settings, CF2-SLAM operates without
retraining and shows improved robustness trends under zero-shot transfer, consistent with stabilized factor weighting.

KEYWORDS: Simultaneous localization and mapping (SLAM); factor graph optimization; foundation models;
uncertainty estimation; online calibration; conformal calibration

1 Introduction
Simultaneous localization and mapping (SLAM) is a core state-estimation module for embodied

platforms ranging from aerial robots to autonomous vehicles and augmented reality/virtual reality (AR/VR)
devices. In practice, deployments vary in sensing configuration (monocular/stereo/red-green-blue-depth
(RGB-D)/inertial measurement unit (IMU)) and operating conditions (illumination, weather, scene layout,
motion, and dynamics), inducing distribution shifts that degrade robustness.

Classical geometric pipelines remain attractive due to transparent objectives and auditable components,
but they rely on brittle data association and typically assume stationary noise models. Learned SLAM
mitigates perceptual brittleness via learned representations and stronger visual priors [1,2], yet a less visible
failure mode often dominates in deployment: miscalibrated confidence under shift. In iterative back-ends
(bundle adjustment or factor graphs), relative factor weighting controls conditioning and convergence. A
small subset of overconfident, incorrect constraints can dominate the normal equations and cause divergence
or persistent bias, especially when mixing factor types of different dimensions and noise profiles.
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The target of this work is a unified SLAM framework that operates across modalities while retaining
the interpretability of a probabilistic back-end. Two principles guide the design. First, frozen foundation
models can provide more transferable representations than task-specific encoders [3]. Second, if learned
components emit explicit residuals and covariances, inference can be posed as a classical factor-graph
maximum a posteriori (MAP) problem [4], enabling principled fusion. However, transferability alone does
not prevent systematic misweighting under shift. An online conformal-style calibration mechanism is
therefore introduced to adjust factor covariance magnitudes using residual quantiles [5], aiming to support
more reliable optimization behavior over time under distribution shift.

Because widely used SLAM datasets differ in available sensor fields and calibration metadata, Section 5
documents modality availability and Section 6.2 fixes evaluation protocols to reduce inadvertent modal-
ity leakage.
Contributions.

This article makes three contributions: (1) CF2-SLAM is formulated as a factor-graph SLAM framework
in which frozen foundation features feed lightweight probabilistic factor heads, producing explicit residuals
and covariances in a transparent MAP objective; (2) an online conformal calibration layer rescales factor
covariances by matching observed residual quantiles to target quantiles, mitigating systematic misweighting
under domain shift during sequential optimization; (3) descriptor-topological loop closure, i.e., descriptor-
space candidate proposal followed by geometric verification and loop-closure (LC)-factor insertion, uses
foundation descriptors for candidate proposal and geometric verification for conservative graph insertion,
avoiding dataset-specific place-recognition supervision while controlling false loop closures.

2 Related Work
Classical geometric SLAM and visual-inertial odometry (VIO) remain strong baselines when sensing

assumptions are matched to deployment. Feature-based systems such as ORB-SLAM3 [6] remain highly
competitive, while recent geometry-aware learned systems such as Photo-SLAM [1] and IBD-SLAM [2]
illustrate the continued value of combining stronger visual representations with explicit optimization
back-ends. However, their accuracy and stability still depend strongly on data association quality and on
appropriately tuned noise models across visual and inertial factors.

Learned front-ends improve correspondence robustness under viewpoint, illumination, and texture
variation. Representative recent examples include DINOv2 [3], LightGlue [7], RoMa [8], and IBD-SLAM [2].
These methods show that learned representations and learned residual models can substantially strengthen
SLAM front-ends, but they also expose a recurring weakness: confidence or covariance estimates that are
reliable in-domain can become miscalibrated under cross-dataset, cross-sensor, or synthetic-to-real transfer.

Loop closure is commonly structured as candidate retrieval followed by geometric validation before
graph insertion. In this setting, the proposed descriptor-topological module follows the same principle:
foundation descriptors are used only for candidate proposal, while accepted loop constraints are instantiated
as verified LC factors after dense geometric checking. This is distinct from metric-semantic SLAM in the
sense of explicit object- or scene-level labeling, and it is also distinct from recent dense mapping systems
such as Gaussian Splatting SLAM [9] and SplaTAM [10], which emphasize reconstruction quality and often
assume RGB-D inputs and higher compute budgets.

Recent work on post-hoc neural calibration and conformal prediction has strengthened uncertainty
quantification in supervised learning [5,11,12], but their role in SLAM is less straightforward because SLAM
involves sequential correlation, heterogeneous factor dimensions, and solver-level sensitivity to relative
factor weighting. The emphasis here is therefore not only uncertainty reporting but solver conditioning under
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distribution shift. A related perspective on resilience under changing operating conditions appears in graph-
structured logistics routing, where learned spatiotemporal risk prediction is integrated with dynamic edge
weighting to maintain robust decision making under congestion and demand fluctuations [13]. The proposed
online conformal layer complements standard robust losses: robust losses suppress large instantaneous
outliers, whereas conformal rescaling corrects systematic covariance scale mismatch across factor families
so that no single miscalibrated modality dominates the normal equations after transfer.

3 Problem Formulation
This work considers heterogeneous sensor streams (monocular/stereo/RGB-D/IMU) and estimates a

trajectory (and optionally map parameters) over a horizon. Let the state at time t be

xt = {Tt ∈ SE(3), vt ∈ R3, bt ∈ R6, θ t}, (1)

where Tt is the pose, vt velocity, bt IMU biases (if applicable), and θ t optional map parameters.
A factor graph over x = {xt}T

t=1 defines the MAP objective:

x̂ = arg min
x
∑

k
ρk(rk(x)⊺W−1

k rk(x)) , (2)

where factor k contributes residual rk(x), covariance matrix Wk , and robust loss ρk(⋅) [4]. The standard con-
vention is followed that Wk is a covariance matrix; correspondingly, W−1

k is the information (weight) matrix
used inside Eq. (2). Beyond uncertainty reporting, Wk directly controls factor influence and conditioning;
thus systematic miscalibration under shift can destabilize optimization. In CF2-SLAM, each learned factor
family predicts an initial Wk , and the online conformal calibration layer rescales Wk (hence W−1

k ) to improve
weighting reliability across modalities and domains. The method below retains interpretability of Eq. (2)
while improving weighting reliability across modalities and domains. Throughout the paper, foundation-
feature (FF), depth/disparity (D), inertial measurement unit (IMU), and loop-closure (LC) denote the
four factor families used in the MAP objective. FF/D/LC correspond to visual or verified loop constraints
whose residual blocks are paired with learned or learned-assisted covariance estimates, while IMU denotes
the standard analytic preintegration factor with its usual inertial covariance when IMU measurements
are available.

4 Method: CF2-SLAM

4.1 Overview
CF2-SLAM pairs a learned front-end with a classical factor-graph back-end. A frozen foundation

encoder produces transferable representations; lightweight factor heads emit probabilistic constraints
(residuals and covariances); an online calibration layer rescales covariances per factor type; inference
uses Gauss-Newton/Levenberg-Marquardt (GN/LM) on a sliding-window graph. Modality changes do not
require retraining: analytic factors (e.g., IMU preintegration) are enabled only when the corresponding
sensor fields exist. An overview is shown in Fig. 1.

4.2 Foundation Representations
A frozen foundation model ϕ(⋅) (e.g., DINOv2 [3]) is used to compute (i) dense token features Ft ∈

R
H×W×C and (ii) a global descriptor gt ∈ RC for retrieval. Token-wise normalization improves stability for

similarity-based residuals. Freezing ϕ limits dataset-specific overfitting and focuses trainable capacity on
small heads that translate features into residual and covariance predictions.
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Figure 1: System overview of conformal-calibrated foundation-factor graph SLAM (CF2-SLAM). Heterogeneous
sensors → frozen foundation features → probabilistic factor heads → online conformal calibration → factor-graph
optimization for trajectory and optional map.

4.3 Graph Construction and Edge Selection
Optimization is performed over a sliding window of N states with optional loop-closure edges. Temporal

edges ensure local observability; sparse covisibility edges add redundancy without quadratic connectivity.
Loop candidates are proposed by retrieving neighbors in descriptor space and inserted only after geometric
verification (Section 4.5), since false high-confidence loops can bias the entire graph.

4.4 Probabilistic Learned Factors
Factor types and modality dependencies are summarized in Fig. 2; only factors supported by dataset

fields (Section 5) are enabled to avoid modality leakage.
Four factor families are used: a foundation-feature (FF) factor, a depth/disparity (D) factor when depth is

present, an IMU preintegration factor when IMU exists [14], and a loop-closure (LC) factor after verification.
The descriptor-topological loop-closure module described below is therefore not a fifth factor family; rather,
it is the proposal-and-verification pipeline whose accepted outputs are instantiated as LC factors in the graph.
For FF, given an estimated relative pose Ti j and optional depth Di , pixel u is warped from i to j and features
are compared:

rFF
i j (u) = Fi(u) − F j(π(Ti j Π(u, Di))). (3)

For RGB-D depth consistency:

rD
i j(u) = Di(u) − D̂i← j(u; Ti j , D j), (4)
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and for stereo an analogous disparity form applies. For loop closure, after verification a relative pose
constraint is added in se(3):

rLC
i j = log(T−1

i j T−1
i T j) ∈ R6. (5)

Figure 2: Unified factor graph for CF2-SLAM. Edge availability depends on sensor modalities (monocular/stereo/red-
green-blue-depth (RGB-D)/inertial measurement unit (IMU)) and verified loop closures.

The IMU family uses the standard preintegrated residual over pose, velocity, and bias states; dτ in
the calibration section below always denotes the dimension of the corresponding residual block for factor
family τ.

Each factor head outputs a positive-definite covariance Wk . Diagonal Wk = diag(exp(sk)) (log-
variances sk) or a Cholesky parameterization is used when needed. Robust losses ρk(⋅) (e.g., Huber/Cauchy)
reduce sensitivity to sporadic outliers; calibration (below) targets systematic misweighting under shift. In
particular, the covariance parameterization is chosen so that the initial Wk is symmetric positive definite
(SPD); the robust loss is applied to the Mahalanobis energy in Eq. (2), whereas the conformal layer only
rescales the covariance magnitude for a factor family and does not change the residual definition itself.

4.5 Descriptor-Topological Loop Closure with Geometric Verification
Loop closure separates candidate proposal from constraint insertion (Fig. 3). In this article, “descriptor-

topological” refers to this retrieval-and-verification pipeline, while the actual graph element added after a
successful check is the LC factor defined above. Candidates are retrieved using gt and a memory bank;
verification uses dense matching (e.g., LoFTR [15]) and robust Perspective-n-Point (PnP)/SE(3) estimation.
Only verified loops are inserted, controlling false-loop contamination while avoiding dataset-specific place-
recognition supervision.



6 Comput Mater Contin. 2026;88(2):39

Figure 3: Descriptor-topological loop closure. Foundation descriptors propose candidates; dense matching verifies
geometry; accepted closures become loop-closure (LC) factors in the graph.

To balance accuracy and efficiency, proposal and verification are decoupled: descriptor retrieval
generates hypotheses, and dense matching with robust pose estimation acts as a conservative gate, executed
sparsely (e.g., on keyframes) with a capped number of candidates per query; the reported frame rate,
measured in frames per second (FPS), includes the amortized verification cost. Descriptor retrieval alone
is high-recall but insufficiently conservative for graph insertion under perceptual aliasing and repeated
structures; dense geometric verification is therefore required before adding a loop-closure factor.

In dynamic scenes, non-stationarity mainly impacts retrieval and correspondence; the verification gate
rejects inconsistent hypotheses before graph insertion, and dynamic-aware masking or temporal-consistency
checks can be incorporated when needed.

4.6 Online Conformal Calibration of Factor Covariances
Under domain shift, predicted uncertainties can become systematically miscalibrated, altering factor

influence in GN/LM. Covariances are therefore rescaled online using residual statistics (Fig. 4).
For factor k, define the score

sk =
√

r⊺k W−1
k rk . (6)

For each factor type τ, a window of scores is maintained and the empirical (1 − α) quantile qobs
τ is

computed. If well calibrated and approximately Gaussian, then s2
k follows χ2(dτ) with residual dimension

dτ . The target quantile is set to qtar
τ =
√

χ2
dτ
(1 − α) and the covariance is rescaled as:

Wk ← γτ Wk , γτ = (
qobs

τ
qtar

τ
)

2

. (7)
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Figure 4: Online conformal calibration. For each factor type, match observed residual quantiles to target quantiles and
rescale covariances accordingly.

This increases covariance when residuals are larger-than-expected and decreases it when residuals are
smaller-than-expected. Warm-up and caps on γτ are used to reduce sensitivity to early transients and abrupt
regime changes. Because γτ > 0, the rescaled covariance remains SPD whenever the initial Wk is SPD; the
update therefore changes only the overall scale of a factor family, not its internal correlation structure. In this
implementation, robust losses and conformal rescaling play complementary roles: the robust loss suppresses
large instantaneous outliers at the factor level, whereas conformal rescaling corrects slower covariance-
scale mismatch accumulated over a window. It is also emphasized that Eq. (7) is used here as an online
conformal-style calibration rule rather than as a strict conformal-prediction guarantee. Sequential SLAM
violates exchangeability through temporal correlation, state-feedback, and changing operating regimes, so
the χ2 target should be interpreted as an approximate reference for residual-scale matching rather than a
finite-sample coverage guarantee.

4.7 Training Details
Factor heads are trained in two stages, with pretraining on TartanAir to initialize residual and covariance

behavior. Optimization uses AdamW (learning rate 1 × 10−4, batch size 16, 100k iterations). A probabilistic
objective aligned with inference is minimized:

L = ∑
k
( 1

2
r⊺k W−1

k rk +
1
2

log ∣Wk ∣) + λLaux, (8)

whereLaux includes smoothness priors and self-supervised consistency terms. All experiments use NVIDIA
RTX 4090 graphics processing units (GPUs).

The inference procedure is summarized in Algorithm 1.
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Algorithm 1: CF2-SLAM inference (windowed factor graph with conformal calibration)
Require: Sensor stream {Mt}, calibration, window size N, Gauss-Newton (GN) iterations K
1: Initialize states in the active window (e.g., constant velocity)
2: for each new time step t do
3: Extract foundation features (Ft , gt) ← ϕ(Mt)
4: Select edges (temporal neighbors, covisibility, loop candidates) per Section 4.3
5: Build probabilistic factors {rk , Wk} via factor heads per Section 4.4
6: Update conformal statistics per factor type; rescale Wk via Eq. (7)
7: for k = 1 to K do
8: Linearize residuals; solve GN/LM update
9: Update states on SE(3)(3)
10: end for
11: Output pose and optional map
12: end for

5 Datasets and Protocols
Sensor fields are documented to support cross-modal comparisons, and only factors supported by

available measurements are enabled. Evaluation is conducted on seven public benchmarks that jointly
cover outdoor driving (KITTI Odometry, KITTI-360), aerial visual-inertial simultaneous localization and
mapping on EuRoC Micro Aerial Vehicle (MAV), and indoor RGB-D tracking/relocalization/mapping
(TUM RGB-D, ScanNet, 7-Scenes), with TartanAir used for broad pretraining and stress-testing under
diverse simulated conditions. Specifically, KITTI/KITTI-360 provide rectified stereo driving sequences for
odometry and loop closure under appearance change; EuRoC provides synchronized stereo + IMU for
visual-inertial odometry (VIO) evaluation under aggressive motion; TUM RGB-D and 7-Scenes emphasize
indoor tracking and relocalization with depth; ScanNet supports large-scale indoor RGB-D tracking and
dense reconstruction; TartanAir supplies diverse environments and modalities to initialize factor heads for
transfer. Dataset fields and typical tasks are summarized in Table 1.

Table 1: Dataset fields and supported tasks (based on official documentation). “RGB” denotes the color image stream,
“RGB-D” denotes red-green-blue-depth, “IMU” denotes inertial measurement unit, “GT Traj” indicates ground-truth
(GT) trajectory/state sufficient for absolute trajectory error (ATE)/relative pose error (RPE), “Intr.” indicates published
intrinsics/calibration, and “SLAM” denotes simultaneous localization and mapping.

Dataset RGB Stereo Depth IMU Intr. GT
Traj/State Typical SLAM Tasks

KITTI
Odometry [16,17] ✓ ✓ – – ✓ ✓ (00–10) Visual odometry/SLAM,

loop closure

KITTI-360 [18] ✓ ✓ –
(global positioning

system/inertial
navigation system)

✓ ✓
Long-term odometry,

mapping

EuRoC MAV [19] ✓ ✓ – ✓ ✓ ✓
Visual-inertial odometry

(VIO), loop closure
TUM

RGB-D [20] ✓ – ✓
(robot operating

system (ROS) bag) ✓ ✓ (most) RGB-D SLAM, dense
mapping

ScanNet [21] ✓ – ✓ – ✓ ✓ (poses) Tracking, dense
reconstruction

7-Scenes ✓ – ✓ – default depth
intrinsics ✓ Relocalization

TartanAir ✓ (varies) ✓ (varies) ✓ ✓ Pretraining, stress tests
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6 Experimental Setup

6.1 Baselines
Baselines and modality requirements are summarized in Table 2. Comparison is made only where

required fields exist (Table 1), and runtime/hardware is reported when available.

Table 2: Baseline systems and modality requirements. Only compare on datasets where required fields exist (see Table 1).
“SLAM” denotes simultaneous localization and mapping, “VO” denotes visual odometry, “RGB-D” denotes red-green-
blue-depth, “IMU” denotes inertial measurement unit, and “mono” denotes monocular.

Category Methods Required Fields
Feature-based SLAM ORB-SLAM3 [6] Mono/stereo/RGB-D, intrinsics; optional IMU

Direct VO/SLAM DSO [22], SVO2 [23] Mono/stereo, intrinsics

Visual-Inertial
OKVIS [24],

VINS-Mono [14],
VINS-Fusion

Stereo/mono + IMU, intrinsics, IMU calibration

Deep VO/SLAM DROID-SLAM [25] Mono/stereo/RGB-D (images; optional depth)
Dense RGB-D

mapping
BundleFusion [26],
NICE-SLAM [27] RGB-D, intrinsics

Learned matching
front-end

SuperPoint [28],
LoFTR [15] Images

6.2 Evaluation Protocol and Reporting
Each sequence is evaluated over R independent runs; mean ± std is reported when applicable. Failure

rate is Fail% = #failed runs
#total runs × 100%, where a run is counted as failed if optimization becomes numerically invalid

(e.g., NaN/Inf states or normal equations) or if tracking/trajectory estimation breaks down irrecoverably
before a complete trajectory can be aligned to ground truth. Absolute trajectory error (ATE) uses a single
global least-squares alignment with the standard Umeyama procedure; stereo, RGB-D, and visual-inertial
settings use SE(3)(3) alignment, whereas monocular settings use Sim(3)(3) when scale is not observable.
Key settings are listed in Table 3.

Table 3: Evaluation settings used throughout (unless otherwise stated). “GN” denotes Gauss-Newton, “Seqs” denotes
sequences, “seq” denotes sequence, “iters” denotes iterations, “MH” denotes Machine Hall, “V” denotes Vicon Room,
“Val” denotes validation, and “Sel.” denotes selected.

Dataset Seqs Runs/seq (R) Resolution Window (N) GN Iters
(K)

KITTI 00–10 5 1241 × 376 7 12
KITTI-360 00, 02-06, 09 5 1408 × 376 7 12

EuRoC MH + V (All) 10 752 × 480 10 10
TUM Fr1/2/3 (Sel.) 5 640 × 480 10 10

7-Scenes All 7 5 640 × 480 12 8
ScanNet Val (10 seqs) 3 640 × 480 12 8
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Reported runtime/frames per second (FPS) includes feature extraction, factor construction, windowed
optimization, and the amortized loop-closure cost under the configured proposal/verification schedule. Per-
stage timing for retrieval and verification is additionally logged to support reproducibility.

6.3 Metrics
Absolute trajectory error (ATE)/relative pose error (RPE) [20], loop-closure and relocalization pre-

cision/recall, mapping quality where depth exists, uncertainty metrics, and efficiency (FPS/memory) are
reported. For uncertainty, let et ∈ Rd be the pose error and Σt the posterior covariance of the pose block at the
solved state, approximated by the corresponding block of the inverse GN/LM normal matrix (local Laplace
approximation, not an exact posterior). Assuming Gaussian errors, the average negative log-likelihood
(NLL) is

NLL = 1
T

T
∑
t=1
( 1

2
e⊺t Σ−1

t et +
1
2

log ∣Σt ∣) + C , (9)

with constant C shared across methods. Expected calibration error (ECE) follows standard binning of
nominal vs. empirical coverage; reliability curves and score distributions are reported in Section 7.5. False
loops per kilometer use traveled distance along the reference trajectory.

7 Results and Analysis

7.1 Outdoor Odometry (KITTI/KITTI-360)
Outdoor trajectory estimation is evaluated under Section 6.2. Results are summarized in Table 4, and

representative trajectories are visualized in Fig. 5. On KITTI-360, CF2-SLAM shows reduced drift trends
under broader appearance variation, aligning with conservative verified loop insertion and moderated factor
influence via online covariance rescaling.

Table 4: Outdoor trajectory accuracy on KITTI Odometry (averaged over sequences 00–10) and KITTI-360. Monoc-
ular uses Sim(3) alignment; stereo uses SE(3). Absolute trajectory error (ATE) root-mean-square error (RMSE) [m];
relative pose error (RPE): translation [%]/rotation [○/100 m]; runtime is reported in frames per second (FPS).

Method Modality KITTI
ATE↓

KITTI
RPE-t↓

KITTI
RPE-r↓

KITTI-360
ATE↓

Runtime
(FPS)↑

ORB-SLAM3 [6] Stereo 0.82 ± 0.15 0.95 0.28 3.42 ± 1.1 32.5
DSO [22] Mono 2.51 ± 0.85 2.15 0.54 12.8 ± 4.2 28.0

DROID-SLAM [25] Stereo 0.65 ± 0.12 0.78 0.21 2.15 ± 0.6 14.5

CF2-SLAM Mono 1.05 ± 0.22 1.25 0.38 3.25 ± 1.1 18.2
CF2-SLAM Stereo 0.64 ± 0.09 0.75 0.19 2.12 ± 0.5 17.5
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Figure 5: Qualitative trajectories on (a) KITTI-360 Sequence 00, (b) KITTI Odometry Sequence 02, and (c) KITTI
Odometry Sequence 05. Alignment follows Section 6.2.

7.2 Visual-Inertial SLAM (EuRoC MAV)
On EuRoC with stereo + IMU, CF2-SLAM attains errors comparable to established VIO baselines

(Table 5) and remains stable across runs. Calibration primarily acts as a moderation mechanism when
visual residuals become temporarily unreliable (e.g., motion blur), reducing their dominance relative to
inertial constraints.

Table 5: EuRoC Micro Aerial Vehicle (MAV) visual-inertial results. Absolute trajectory error (ATE) root-mean-square
error (RMSE) [m] is averaged over Machine Hall (MH 01–05) and Vicon Room (V1–V2). “IMU” denotes inertial
measurement unit, “Fail%” denotes failure rate computed over total runs (N = 50 for MH, N = 20 for V), and runtime
is reported in frames per second (FPS).

Method Sensors ATE (MH)↓ Fail%
(MH)↓

ATE
(V)↓ Fail% (V)↓ Runtime

(FPS)↑
OKVIS [24] Stereo + IMU 0.052 0.0% 0.085 5.0% 25.0

VINS-Fusion Stereo + IMU 0.044 0.0% 0.038 5.0% 22.0
ORB-SLAM3 [6] Stereo + IMU 0.033 0.0% 0.041 0.0% 24.5

CF2-SLAM Stereo + IMU 0.034 0.0% 0.037 0.0% 16.8

7.3 Indoor RGB-D Tracking and Auxiliary Mapping Evidence (TUM, ScanNet, 7-Scenes)
Indoor RGB-D scenes contain textureless regions and perceptual aliasing. Across TUM, ScanNet, and

7-Scenes (Table 6), CF2-SLAM achieves competitive tracking accuracy and strong relocalization, indicating
that foundation features and verified loop insertion help maintain consistency under ambiguity. Because
the main contribution of this work is conformal factor calibration rather than dense reconstruction itself,
the ScanNet mesh results below are treated as auxiliary evidence that better-calibrated factor weighting also
preserves downstream geometric consistency, rather than as the primary proof of the method.
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Table 6: Indoor trajectory accuracy on TUM red-green-blue-depth (RGB-D), ScanNet, and 7-Scenes. Values are
absolute trajectory error (ATE) root-mean-square error (RMSE) [cm], runtime is reported in frames per second (FPS),
and “Reloc.” denotes relocalization.

Method Input TUM ATE↓ ScanNet
ATE↓

7-Scenes
ATE↓ Reloc. Rate↑ FPS↑

ORB-SLAM3 [6] RGB-D 1.8 7.2 4.5 82.5% 30.0
BundleFusion [26] RGB-D 2.5 8.5 5.1 – 10.5
NICE-SLAM [27] RGB-D 2.1 9.8 6.5 – 0.8

DROID-SLAM [25] RGB-D 2.0 6.4 3.8 91.0% 12.5

CF2-SLAM RGB-D 1.9 6.3 3.75 92.5% 16.0

As auxiliary evidence of graph consistency on RGB-D data, quantitative dense mapping results on
ScanNet are reported in Table 7, and qualitative examples are shown in Fig. 6.

Table 7: Dense mapping quality on ScanNet (ground-truth mesh). Accuracy (Acc.) [cm] is distance to reference mesh;
Completeness (Comp.) [%] uses a 5 cm threshold; Chamfer is in cm; peak signal-to-noise ratio (PSNR) and structural
similarity index measure (SSIM) are also reported.

Method Dataset Acc. (cm)↓ Comp. (%)↑ Chamfer↓ PSNR↑ SSIM↑
BundleFusion [26] ScanNet 6.8 72.1 7.5 20.1 0.78

CF2-SLAM ScanNet 6.5 74.5 7.2 24.2 0.84

Figure 6: Qualitative dense reconstruction on ScanNet. Top: reconstructed meshes. Bottom: distance-to-mesh error
heatmaps (shared scale).

7.4 Loop Closure and Relocalization
Table 8 reports loop closure precision/recall and relocalization. Geometric verification filters most

spurious retrieval candidates, while descriptor-based proposal improves recall under large view-
point/appearance changes. To directly isolate the necessity of the second stage, an additional comparison
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between descriptor-only loop closure and descriptor retrieval followed by geometric verification is reported
in Table 9. The verification stage is intended as a conservative gate before loop-factor insertion, since even a
small number of false loop constraints can bias subsequent graph optimization. Qualitative verified examples
are shown in Fig. 7.

Table 8: Loop closure (LC) and relocalization metrics computed on loop factors inserted after geometric verification.
“Prec.” denotes precision, “Reloc@d” denotes relocalization within distance threshold d, and False LC/km denotes false
loop closures per traveled kilometer.

Method Dataset LC Prec.↑ LC
Recall↑

Reloc@5
cm ↑

Reloc@10
cm ↑

False
LC/km↓

ORB-SLAM3 [6] KITTI-360 100% 45.2% 65.5% 78.2% 0.00
DROID-SLAM [25] KITTI-360 95.5% 72.1% 82.1% 88.5% 0.05

CF2-SLAM KITTI-360 99.5% 73.2% 83.5% 89.8% 0.04

ORB-SLAM3 [6] TUM Loop 100% 52.8% 58.4% 70.1% 0.00
CF2-SLAM TUM Loop 99.8% 54.5% 60.2% 72.5% 0.01

Table 9: Direct ablation of descriptor-only loop closure vs. descriptor retrieval + geometric verification on KITTI-360.
“LC” denotes loop closure, absolute trajectory error (ATE) is reported in meters, and runtime is reported in frames per
second (FPS).

Setting LC Prec.↑ LC Recall↑ False
LC/km↓ ATE [m]↓ FPS↑

Descriptor-only 94.1% 75.6% 0.36 3.38 18.4
Descriptor + geometric

verification (CF2-SLAM) 99.5% 73.2% 0.04 2.12 17.5

Figure 7: Loop-closure examples passing geometric verification: query/retrieved frames, verified correspondences, and
inserted loop constraint.
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7.5 Uncertainty, Robustness, and Cross-Sensor Shift
Uncertainty is evaluated with negative log-likelihood (NLL)/expected calibration error (ECE) and

robustness with failure rate under zero-shot transfer, with emphasis on how conformal calibration behaves
under cross-dataset and cross-sensor shift. The transfer from KITTI to KITTI-360 mainly changes appear-
ance statistics, scene layout, and long-horizon driving context under the same stereo sensing regime, whereas
the transfer from TartanAir to EuRoC additionally introduces synthetic-to-real, motion-regime, and stereo
+ IMU VIO differences. In fixed-noise SLAM systems, such shifts can mis-scale visual, depth, and inertial
factor families, causing some modalities to dominate the normal equations. The learned heads provide
modality-conditioned initial covariances, and the conformal layer further corrects residual scale mismatch
online per factor family. Table 10 and Fig. 8 show that conformal calibration reduces ECE and is accompanied
by lower failure rates across both transfer settings, consistent with more reliable factor weighting under shift
rather than merely better in-domain fitting.

Table 10: Cross-dataset and cross-sensor uncertainty calibration and robustness under zero-shot transfer. Negative
log-likelihood (NLL), expected calibration error (ECE), and absolute trajectory error (ATE) follow Section 6.3; “Fail%”
denotes failure rate and “Med.” denotes median.

Setting Transfer NLL↓ ECE↓ Fail%↓ Med. ATE
[m]↓

95% ATE
[m]↓

Uncalibrated KITTI→
KITTI-360 2.45 0.32 2.9% 2.20 2.85

Conformal KITTI→
KITTI-360 2.12 0.06 0.0% 2.12 2.65

Uncalibrated TartanAir→
EuRoC 1.80 0.41 5.5% 0.055 0.095

Conformal TartanAir→
EuRoC 1.40 0.10 1.8% 0.037 0.082

Figure 8: (Continued)
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Figure 8: Uncertainty calibration diagnostics. Top: reliability diagrams. Bottom: score distributions under transfer.

8 Ablations
Key components are ablated under the same protocol, with particular emphasis on calibration under

shift and on the loop-closure design. Table 11 shows that removing conformal calibration increases both
ATE and failure rate (A1 vs. A0), replacing the foundation backbone degrades transfer robustness (A2), and
geometric-only loop closure substantially increases drift (A3), indicating the value of descriptor-topological
proposal. Together with the cross-shift results in Table 10, these ablations support the claim that conformal
reweighting is the primary mechanism improving robustness under transfer. Table 9 further isolates the
contribution of the geometric verification stage beyond descriptor retrieval alone.

Table 11: Module ablation on KITTI-360 (Validation). A0: full method. A2 replaces DINOv2 with ResNet50. “LC”
denotes loop closure, “ATE” denotes absolute trajectory error, “calib.” denotes calibration, “w/o” denotes without, and
“descriptor-topo” denotes descriptor-topological, and Fail% corresponds to integer failures (1/35 ≈ 2.9%).

Variant Backbone Conformal
calib. LC factor Toggles ATE

[m]↓ Fail%↓

A0 (full) DINOv2 ✓ Descriptor-topo Full 2.12 0.0%
A1 DINOv2 – Descriptor-topo Full 2.20 2.9%
A2 ResNet50 ✓ Descriptor-topo Full 3.12 5.7%
A3 DINOv2 ✓ Geometric-only Full 4.55 2.9%
A4 DINOv2 ✓ Descriptor-topo w/o depth prior 2.95 2.9%
A5 DINOv2 ✓ Descriptor-topo w/o motion prior 2.25 2.9%

9 Discussion and Limitations
Solver stability in SLAM is tightly coupled to factor weighting. In this work, “stability” is used in an

operational sense: fewer failed runs, fewer catastrophic drifts/divergences, and less sensitivity to misweighted
factor families during sequential GN/LM updates under transfer. Under domain shift, miscalibrated uncer-
tainties can overweight unreliable constraints and degrade conditioning, producing drift or divergence. The
conformal rescaling rule in Eq. (7) provides a simple online mechanism to adjust covariance magnitudes
using observed residual statistics, without retraining, and the empirical evidence in Tables 10 and 11
should be interpreted in this operational sense rather than as a stand-alone spectral conditioning proof. A
representative divergence-vs.-recovery comparison is shown in Fig. 9.

Limitations include: (i) foundation backbones increase compute relative to compact convolutional
neural network (CNN) front-ends, motivating distillation or reduced token resolution for real-time deploy-
ment; (ii) calibration relies on bounded windows and approximate stationarity, so abrupt regime changes
can challenge residual statistics despite warm-up and caps; (iii) the conformal-style update is empirical
and does not provide strict exchangeability-based coverage guarantees in sequential SLAM; and (iv) loop
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closure remains subject to the retrieval/verification trade-off under severe viewpoint changes and repeated
structures. In highly dynamic scenes with large non-rigid occluders, retrieval and correspondences may
degrade; integrating motion- or instance-aware masking with dynamic-aware matching is a natural extension
that preserves the current solver formulation. The multi-stage loop-closure pipeline also introduces control-
lable overhead; sustained real-time operation depends on scheduling choices such as keyframe triggering,
candidate caps, and (when available) asynchronous verification.

Figure 9: Failure case analysis on KITTI→KITTI-360. Row 1: divergence without calibration. Row 2: recovery with
conformal covariance rescaling.

10 Conclusion
This article introduced CF2-SLAM, a sensor-agnostic SLAM framework combining frozen foundation

representations, probabilistic factor heads, and a classical factor-graph back-end equipped with online
conformal calibration. By rescaling factor covariances using residual quantiles per factor type, the method
specifically targets systematic misweighting under cross-dataset and cross-sensor shift and yields more
reliable optimization behavior under transfer, reflected in lower failure rates and reduced sensitivity to
misweighted factors. Descriptor-topological loop closure was also described based on foundation descriptors
with geometric verification for conservative loop insertion, and dataset sensor fields and evaluation protocols
were documented for reproducible cross-modal comparison.
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