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The LaMAria Dataset Types of Ground Truth
Unlike prior SLAM datasets, our dataset LaMAria offers 
Ø city-scale egocentric data recorded across diverse urban environments.
Ø centimetre-accurate ground truth obtained using surveying methods.
Ø multi-sensor (cameras, IMUs, GPS, Wi-Fi, Bluetooth) data capture.
Ø diverse real-world challenges including low light, exposure changes, 

moving platforms, very long outdoor trajectories.

centimetre-accurate ground truth using 
GNSS/RTK surveyed control points

data collection 
performed using the 
Aria Gen 1 Glasses

Ø 3D points commonly used in photogrammetry and 
surveying.

Ø Detected in Aria imagery using Apriltag fiducial 
markers.

Ø Measured using GNSS-RTK rover.
Ø 483 control points in total: 134 3D and 349 2D
Ø Measurement uncertainty: ~1.5cm x-y & ~3cm z
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Ø Propagate constraints from control points to 
visual-inertial costs (CPs as position priors).

Ø Joint multi-sensor optimization, initialized with 
sparse alignment.

Ø Minimize 4 types of costs: feature reprojection 
errors, IMU pre-integration constraints, error 
between triangulated and measured CP, and CP 
reprojection errors.

Ø dm-level accuracy across sequences.

top-left: detection of marker; bottom-left: marker; 
right: 2D, 3D control points

Evaluation
Results on controlled experimental set

Results on main dataset

method year level I level II level III level IV

seq 1 seq 2 seq 3 seq 4 seq 5 seq 6 seq 7 seq 8 seq 9 seq 10 seq 11 seq 12 seq 13

DSO 2016 0.76 0.21 → 1.95 19.80 → 30.12 → → → → → →
ORB-SLAM3 2020 0.13 0.35 0.12 0.72 1.25 → 5.94 → → → → → →
DPVO 2023 0.22 0.16 0.28 1.10 5.40 1.74 5.15 7.14 18.40 15.65 42.07 28.73 39.43
DPV-SLAM 2023 0.12 0.20 0.29 5.35 2.93 2.95 8.10 2.83 19.45 19.48 28.02 29.43 50.41

Kimera VIO 2020 0.82 2.38 0.74 7.23 4.06 11.06 12.59 9.70 32.24 → 7.98 13.11 →
ORB-SLAM3 2020 0.03 0.43 0.23 2.01 1.51 2.70 5.90 7.80 19.10 21.80 → 14.60 →
OpenVINS 2020 0.75 3.15 0.96 2.32 3.94 6.07 5.96 9.23 23.78 8.62 5.87 28.00 17.57
OpenVINS + Maplab 2022 0.71 3.09 0.77 1.23 3.92 6.00 4.86 8.87 23.90 7.73 5.92 26.30 15.44
DM-VIO 2022 0.75 0.34 0.26 0.78 32.03 → → → → → 10.70 → →

OpenVINS 2020 0.66 2.36 0.68 0.94 1.43 1.35 2.96 4.25 4.31 8.01 1.04 18.72 10.35
OpenVINS + Maplab 2022 0.65 2.30 0.68 1.05 1.22 1.19 2.01 3.97 4.29 8.22 1.62 16.59 8.37
OKVIS2 2024 0.02 0.72 0.03 1.36 0.80 3.78 → 6.81 5.32 7.06 1.85 16.55 6.65

Table 2. Results for the controlled experimental set. We evaluate systems on monocular, monocular+inertial, and multi-camera+inertial
inputs. We report the ATE RMSE [27] (lower is better) in meters for each sequence. Failures to output a valid trajectory are marked as →.

method causal short medium long challenge – low-light challenge – moving platform

score↑ CP@1m↑ R@5m↑ score↑ CP@1m↑ R@5m↑ score↑ CP@1m↑ R@5m↑ score↑ CP@1m↑ R@5m↑ score↑ CP@1m↑ R@5m↑

DPVO ↭ 9.4 1.7 21.3 5.2 1.0 10.8 1.2 0.0 1.9 3.4 0.2 7.5 2.4 0.1 –
DPV-SLAM x 7.5 1.5 14.8 5.2 1.4 10.1 0.4 0.0 0.7 1.9 0.4 3.5 1.7 0.0 –

Kimera VIO ↭ 6.3 2.9 12.6 6.6 1.7 15.1 6.3 1.7 14.3 4.2 2.7 6.4 7.1 1.6 –
ORB-SLAM3 x 28.3 13.4 67.1 20.3 4.4 57.0 14.2 2.3 40.6 6.2 0.6 12.5 15.7 4.1 –
OpenVINS ↭ 18.1 4.4 45.7 10.9 2.3 27.9 4.7 0.5 12.3 7.9 2.4 17.6 2.4 0.6 –
OpenVINS + Maplab x 22.9 8.1 50.8 13.1 4.1 29.0 5.8 1.3 13.3 9.6 2.9 19.3 3.7 1.2 –

OpenVINS ↭ 22.2 6.2 57.9 17.8 5.7 46.1 10.6 1.7 25.8 16.9 6.2 38.2 11.5 2.4 –
OpenVINS + Maplab x 26.0 9.5 61.1 21.3 7.3 50.6 12.6 1.9 30.3 16.5 4.6 37.9 13.0 3.0 –
OKVIS2 x 24.2 12.0 54.7 13.6 6.8 28.2 3.6 2.7 7.2 15.4 5.4 38.6 4.2 2.8 –

Aria’s SLAM x 90.7 99.2 – 78.5 87.4 – 70.8 75.9 – 84.2 91.6 – 53.6 51.2 –

Table 3. Main evaluation. We evaluate systems on monocular, monocular+inertial, and multi-camera+inertial inputs. We also include the
closed-source SLAM system exposed by Aria’s SLAM API. We report the average score (defined in Fig. 7), recall w.r.t. control points at 1
meter (CP@1m), and recall w.r.t. pseudo-GT at 5 meters (R@5m), all of which are evaluated in 2D.

models. When necessary, we therefore undistort the images
to pinhole cameras, using the factory calibration, and run the
algorithms on the resulting images.

5.1. Controlled experimental set
We first evaluate the systems on our controlled experimental
set to better understand their failure patterns.

Setup: We rely on our dense pseudo-GT poses for sequences
in level IV but, for sequences in level I-III, since they are
short and do not include CPs, we use the output of Aria’s
SLAM API as pseudo-GT. Following common practice in
existing benchmarks [10, 60], we align the output trajectories
with the GT poses and calculate the average of the Absolute
Trajectory Error (ATE) [27] for each sequence. We report
a failure if the system crashes or only produces results that
span less than half of the total sequence duration.

Results: Tab. 2 shows that all approaches work reason-
ably well on level I. This is consistent with the findings of
commonly-used academic datasets like EuRoC [10], whose
data exhibits similar controlled motions. However, as the
motion becomes more natural/egocentric, most systems start
to break down by either reporting failures or suffering from
drifts and large trajectory error. In particular, the two direct
methods and ORB-SLAM3 mono easily lose track due to
fast and complex motion patterns. This motivates the need

for a VIO/SLAM benchmark that captures such motions
in unrestricted egocentric recordings with a larger span in
length and duration.

5.2. Main benchmark

Setup: We categorize 63 sequences in our main dataset into
short (up to 15 CPs, 18 sequences), medium (16-22 CPs, 10
sequences), long (more than 22 CPs, 16 sequences) and high-
light specific hard challenges with low-light (9 sequences)
and moving platforms (10 sequences). We provide more
statistics in the supplementary material. Inspired by the Hilti
challenge [45, 70], we design a scoring function for each of
the CP error (Fig. 7). We employ a piecewise linear scoring
function, where we can confidently evaluate until 5 cm with
our survey-grade control points.

Along with the score averaged over the sequences, we
also report the recall of the CP alignment error at 1 m and the
recall of the device position error w.r.t. our dense pseudo-GT
poses at 5 m. Unlike the standard ATE, these three metrics
can be computed even when systems estimate no or only
partial trajectories. We do not report the pose recall for Aria’s
SLAM, as it is used to initialize the optimization of pseudo-
GT poses, and for sequences involving moving platforms, as
we have limited guarantees on the accuracy of their pseudo-
GT poses (see Appendix E for details).
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Figure 8. Visualizations of the trajectories estimated by different systems: OpenVINS •, OpenVINS+Maplab •, ORB-SLAM3 •,
OKVIS2 •, Kimera VIO •, DPVO •, DPV-SLAM •, and Aria’s SLAM •. Failures are shown as ✁ and control points in black •.

We evaluate all methods that produce valid results on level
IV of the experimental set, according to Tab. 2. Note that
the sequences in the short-sequence group are overall more
difficult than the level IV recordings due to the presence
of non-controlled initial motion, which brings additional
practical challenges to bootstrapping and IMU initialization.
We perform all evaluation in 2D to make use of all the control
points. To account for randomness, we average the metrics
over 3 runs of each system.

Results: We show the main results in Tab. 3. As expected,
relying on multiple cameras and inertial sensors significantly
benefits each VIO/SLAM system. Overall, ORB-SLAM3
scores the best in the mono-inertial category, while Open-
VINS achieves the most promising results when considering
multi cameras. The non-linear optimization of Maplab also
consistently boosts the accuracy of the estimates. However,
all academic solutions suffer largely on the defined chal-
lenges and are far behind Aria’s commercial SLAM system,
which is non-causal and includes online calibration and a
full visual-inertial bundle adjustment. On the other hand, the
evaluation of Aria’s SLAM indicates that our benchmark
is not saturated even for a heavily engineered system, es-
pecially in sequences that include moving platforms. This
further highlights that our dataset provides a good bench-
mark for all practices relevant to developing VIO/SLAM
solutions for unconstrained egocentric data.

Qualitative results in Fig. 8 show that most evaluated
systems face drift and failures in long recordings. They are
also more prone to failure when facing low-light conditions
and moving platforms, while Aria’s SLAM produces the
most reasonable trajectories that best fit the control points.

5.3. Discussions
Our dataset opens up opportunities for more principled it-
erations of multi-sensor SLAM developments on top of un-
controlled egocentric recordings. Following our empirical
studies on all the evaluated systems, we highlight several

promising research directions to explore for addressing the
unique characteristics of egocentric data:
• Online optimization of time-varying calibration, which dis-

tinguishes Aria’s SLAM from existing academic baselines,
adapts to the always-on nature of the wearable devices.

• Loop closure detection and VI bundle adjustment, to re-
duce odometry drift in open loop predictions.

• Robust outlier removal, tailored strategies for moving plat-
forms, and better handling of tracking loss.

• Advanced image matching and point tracking based on
machine learning models trained on large datasets.
To specifically quantify the importance of online opti-

mization, we analyze the online calibration results from
Aria’s SLAM. We observe that the variation range of focal
length is comparably larger in the long sequences (0.11%)
than in medium (0.09%) and short (0.08%) ones. Fixing the
calibration to factory calibration in our VI optimization also
empirically leads to a large decrease in pose accuracy, when
validated with our survey-grade control points.

6. Conclusion
We have introduced a new dataset and benchmark for visual-
inertial odometry and SLAM for egocentric, multi-modal
data captured by future head-mounted computing devices.
The dataset covers multiple challenges that no existing
dataset covers: extreme low-light, crowded or moving en-
vironments like vehicles, and kilometer-long trajectories
with time-varying calibration. The dataset provides sparse,
centimeter-accurate pose annotations from surveying for tens
of kilometers of trajectories spanning a large city center. This
annotation is orders of magnitude more accurate than the
best existing visual-inertial odometry/SLAM systems and
will enable the development and benchmarking of the next
generations of multi-sensor algorithms. Our results show that
much progress remains to be made, which will be supported
by our public evaluation.
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Visualizations for OpenVINS, OpenVINS+Maplab, ORB-
SLAM3, OKVIS2, Kimera VIO, DPVO, DPV-SLAM, and Aria’s 
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Main Dataset ~22 hours, ~70 kilometres
73 sequences, 5 challenges 

Sparse alignment

Ø Triangulate each control point from its 
detections in images by minimizing 
reprojection error.

Ø Find the optimal transformation that aligns the 
triangulated CPs to corresponding measured 
CPs.

More unconstrained motion à VIO/SLAM system performance worsens/fails

High accuracy evaluation with cm-level accuracy.

Process

Error between aligned 
triangulated CP and 

measured CP forms per-CP 
residual error e. Custom per-

CP score based on e.

Usage in evaluation
Ø Aria’s SLAM is far ahead of current 

academic solutions.
Ø Aria’s SLAM is far from saturating our 

benchmark (cm-level accurate CPs). 
Ø All existing methods including Aria's 

SLAM struggle on moving platforms. 

Controlled Experimental Set

Ø Level I: platform-based data, controlled motion
Ø Level II: platform-based data, controlled & in- and out-of-plane motion
Ø Level III: platform-based data, faster motions and rotations with controlled initial motion
Ø Level IV: egocentric unconstrained motion with controlled initial motion

Entry-level testbench with 13 sequences + 4 difficulty levels

Fig. 5 shows the uncertainty (square root of the covariance
spectral norm) of the aligned triangulation and CP measure-
ment on a sequence with 12 CPs. The CP error is on average
70 times larger than its uncertainty, which confirms that our
sparse GT is by far sufficiently accurate to benchmark the
next generations of SLAM systems.

4.3. Dense ground-truth poses
Having accurate camera poses instead of sparse points is
however useful e.g., for fine-grained evaluation and analysis
or other computer vision tasks like 3D reconstruction. As
such, we compute pseudo-GT poses and sensor calibrations
by fusing visual, inertial, and CP information, thus propagat-
ing the CP constraints to the poses connecting them.

Process: We start with an initial SLAM trajectory. While
our approach is general, here we rely on the result of the
proprietary VI-SLAM exposed by Aria’s SLAM API since
it performs the best compared to open-source systems (see
Sec. 5 for more details). We then align the trajectory sparsely,
as described in Sec. 4.2, perform steps typical in Structure-
from-Motion: we select representative keyframes, extract
local features [73], match them based on sequential pairs
and image retrieval [3, 34], and finally triangulate a sparse
3D point cloud. Finally, we fix the time-varying intrinsics
and refine the camera poses, inertial biases and speeds, trian-
gulated CPs, and 3D points by jointly minimizing a) the CP
triangulation error (Eq. (1)), b) the error between measured
and triangulated CPs, as well as c) feature reprojection errors
and d) inertial pre-integration constraints typically used in
VI-SLAM [24]. This is a standard non-linear least-squares
optimization problem.

We weight these four terms by their respective covari-
ances. The covariances of the inertial terms are computed
using pre-integration [24], with factory-calibrated IMU noise
parameters. We use two different covariances for the detec-
tion of features and fiducial markers, which are iteratively
estimated and refined based on the variance factor of the
corresponding residuals [25]. Because we know that the CP
measurements are unbiased, we deflate their covariance w.r.t.
the one estimated by the surveying instrument.

For the most challenging sections, e.g., involving moving
platforms, neither Aria’s SLAM nor any other baseline pro-
vides a usable initialization because the visual information is
not reliable. In these cases, we rely only on the inertial and
CP information, ignoring visual features.

Accuracy Validation: We consider the multi-factor opti-
mization described above, which minimizes different costs
r→!̂

↑1
r, with residuals r → Rd whitened by their measure-

ment covariance !̂. We collect all whitened residuals for
visual and inertial factors respectively. Fig. 6 shows that the
distribution of residuals is close to a unit Gaussian distribu-
tion for both types, which validates the appropriate weighting

Figure 6. Distribution of the whitened visual and IMU residuals.
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Figure 7. Scoring function s(e) for the sparse evaluation given
the measured alignment error. The function is piecewise linear as
shown in the left plot, with its anchor points in the right table.

of the visual and inertial terms in the optimization [25].
We further validate this dense optimization by dropping

the two CP-related factors and evaluating the trajectory
sparsely (Sec. 4.2). We find that our pseudo-ground-truth has
an overall accuracy of ↑20 cm (see Appendix D for details),
which is sufficiently accurate to measure keyframe errors
larger than 50 cm in trajectories spanning kilometers.

5. Evaluation
We can use the sparse alignment defined above to evaluate
any estimated trajectory on our full set. In the following
part, we present our benchmark results and analysis for var-
ious publicly-available visual (-inertial) odometry/SLAM
systems under different sensor configurations.

Systems: We evaluate systems under monocular, monocular-
inertial and multi-camera-inertial setups. The latter relies
on the two global-shutter SLAM cameras, which cannot be
used in a proper stereo (rectified) mode because they have
little overlap in field of view. We try with our best efforts
to cover most major popular systems, including those based
on optimization (Kimera VIO [54], ORB-SLAM3 [12],
OKVIS2 [31]), filtering (OpenVINS [26]), direct alignment
(DSO [20], DM-VIO [64]), and deep learning (DPVO [63],
DPV-SLAM [35]). In addition, we evaluate the offline VI
optimization in Maplab [57] on top of the odometry output
of OpenVINS [26]. We make sure to appropriately tune on
our data the hyperparameters of each approach, often with
the help of the respective authors.

Calibration: Unless stated otherwise, we use the factory
calibration provided by the device. The systems are thus
responsible for refining this calibration and modeling tempo-
ral variations. However, all systems that we consider, with
the exception of OpenVINS [26], do not support online in-
trinsic calibration and implement only few simple camera

Promising 
Directions

Overall, Aria' SLAM has a nominal drift of ~50 cm per 1 km trajectory and a scale drift of 0.22%.

Usage in evaluation: Recall @ 5m is calculated as per-keyframe error between estimated trajectory and pGT. 

Ø Online optimization of 
time-varying calibration.

Ø Loop closures and visual-
inertial bundle 
adjustment.

Ø Robust outlier removal 
and tailored strategy for 
moving platforms.

Ø Advanced 
tracking/matching from 
machine learning models.


