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Name ntu r3 00
Source MCD
Trials D1, N4, N8
Duration 10:01
Length 7.07km
LC 1593(3.8%)

IRLC
Wifi Pro-Radio

403(3.2%) 820(2.4%)

Name ntu r3 01
Source MCD
Trials N4, N8, N13
Duration 8:19
Length 5.10km
LC 1072(2.7%)

IRLC
Wifi Pro-Radio

224(2.2%) 420(3.1%)

Name ntu r3 02
Source MCD
Trials D2, N4, N13
Duration 5:47
Length 3.33km
LC 714(4.2%)

IRLC
Wifi Pro-Radio

26(0.0%) 194(2.6%)

Name ntu r4 00
Source MCD
Trials D1, N4, N8, N13
Duration 10:01
Length 8.30km
LC 1855(3.5%)

IRLC
Wifi Pro-Radio

626(2.7%) 510(5.9%)

Name ntu r5 00
Source MCD
Trials D1, D2, N4, N8, N13
Duration 11:25
Length 8.94km
LC 2019(3.6%)

IRLC
Wifi Pro-Radio

868(2.9%) 586(3.1%)

Name kth r3 00
Source MCD
Trials D6, D9, D10
Duration 14:58
Length 3.35km
LC 432(12.0%)

IRLC
Wifi Pro-Radio

231(8.7%) 845(7.9%)

Name kth r3 01
Source MCD
Trials N1, N4, N5
Duration 16:20
Length 3.34km
LC 402(11.4%)

IRLC
Wifi Pro-Radio

284(12.3%) 650(7.7%)

Name kth r4 00
Source MCD
Trials D6, D10, N4, N5
Duration 14:50
Length 4.24km
LC 491(13.0%)

IRLC
Wifi Pro-Radio

700(10.1%) 928(8.3%)

Name tuhh r3 00
Source MCD
Trials D2, D3, D4
Duration 14:18
Length 2.15km
LC 358(10.9%)

IRLC
Wifi Pro-Radio

384(8.9%) 734(6.9%)

Name tuhh r3 01
Source MCD
Trials N7, N8, N9
Duration 12:06
Length 2.13km
LC 356(13.5%)

IRLC
Wifi Pro-Radio

280(9.6%) 719(6.4%)

Name kittredge loop
Source CU-Multi
Trials K1, K2, K3, K4
Duration 42:36
Length 7.38km
LC 1064(19.5%)

IRLC
Wifi Pro-Radio

2821(15.7%) 2382(19.4%)

Name main campus
Source CU-Multi
Trials M1, M2, M3, M4
Duration 46:12
Length 9.23km
LC 1458(10.0%)

IRLC
Wifi Pro-Radio

2020(2.8%) 3217(7.1%)

Fig. 1: The COSMO-Bench datasets. For each sequence, we plot the reference solution and enumerate metadata including – The sequence name, source data, component trials,
total duration (MM:SS), total distance traveled, and the number (#) of measurements plus outlier rate (%) for both intra-robot (LC) and inter-robot (IRLC) loop-closures (#, %).
For each sequence, we generate a dataset using both the Wi-Fi and Pro-Radio communication models for a total of 24 datasets. Component trial names are shortened for brevity
– ”D” for ”Day” and ”N” for ”Night” for the MCD data and ”K” for ”Kittredge Loop” and ”M” for ”Main Campus” for the CU-Multi data. Note: Plots are not to scale.

Abstract— Recent years have seen a focus on research into
distributed optimization algorithms for multi-robot Collab-
orative Simultaneous Localization and Mapping (C-SLAM).
Research in this domain, however, is made difficult by a lack of
standard benchmark datasets. Such datasets have been used to
great effect in the field of single-robot SLAM, and researchers
focused on multi-robot problems would benefit greatly from
dedicated benchmark datasets. To address this gap, we de-
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I. INTRODUCTION

Recent years have seen a resurgence in research into dis-
tributed optimization algorithms for Multi-Robot Collabora-
tive Simultaneous Localization and Mapping (C-SLAM) [1].
These algorithms (often referred to as “back-ends”) synthe-
size noisy and potentially incorrect measurements (produced
by a “front-end”) into an optimal state estimate [2]. However,
a lack of standard benchmark datasets for distributed C-
SLAM has hindered research into novel back-end methods.

In the single-robot SLAM domain, benchmark datasets
(e.g. M3500 [3], Intel [4], MIT-Killian [4], CSAIL [4],
Garage [5], etc.), which consist of geometric measurements
output by a SLAM front-end, are widely used to develop and
test novel algorithms [6–8]. Their use reduces the barrier
of entry to try new ideas, provides a means by which re-
searchers can reproduce results, enables relative performance
comparisons across works, and broadly aids the community’s
mission to advance the state-of-the-art.

Researchers would benefit greatly from benchmark
datasets for distributed C-SLAM back-ends. The need for
such datasets is exemplified by recent work’s reliance on
single-robot benchmarks that have been partitioned to, unre-
alistically, simulate multi-robot scenarios [9–15].

In this work we develop the Collaborative Open-Source
Multi-robot Optimization Benchmark (COSMO-Bench)1 –
a suite of 24 benchmark datasets for distributed C-SLAM
back-end evaluation (Fig. 1). We work to make COSMO-
Bench as realistic as possible by deriving the datasets from
real-world sensor data, a baseline LiDAR-based C-SLAM
front-end, and a communication model developed from ac-
tual multi-robot communication data.

II. BENCHMARK REQUIREMENTS

The most useful distributed C-SLAM benchmark datasets
will be those that most accurately reflect the data that is
observed by a multi-robot team in a real-world deployment.
However, we additionally need benchmark datasets that
permit accurate and insightful evaluation of C-SLAM back-
end performance. In this section we outline the traits of a
dataset that achieves these goals. These traits, in turn, act as
the requirements for our proposed benchmark datasets.

Representative Measurements: The real world is a com-
plex place for robots. To test the ability of distributed C-
SLAM methods to operate in such conditions, we need
the measurements in our datasets to reflect this complex-
ity (e.g. measurements with non-parametric/non-stationary
noise, measurements corrupted by outliers). Due to the
intractability of simulating such conditions, the only way
to generate such measurements will be to derive them using
front-end algorithms parsing real-world data.

Loop-Closures: The key advantage that C-SLAM algo-
rithms provide is to bound drift using loop-closures both
within a robot’s trajectory and between robots. We, therefore,
will need to derive our benchmark datasets from data that
contains plentiful loop-closure opportunities.

1Hosted in perpetuity at doi.org/10.1184/R1/29652158 and
accessible with a user-friendly interface at cosmobench.com.

Long Traversals: Over short distances O(100m), odom-
etry algorithms can maintain state estimates that are suffi-
ciently accurate for downstream tasks (e.g. planning) [16].
Therefore, for the effects of C-SLAM (i.e. inclusion of loop-
closures) to actually be observable, and in turn for our bench-
marks to be useful, we will need to derive our benchmark
datasets from data of long traversals (i.e. > 1km).

Accurate Reference Solutions: With our datasets sup-
porting observing the effects from different distributed C-
SLAM back-ends, we will also need them to support metric
computation to quantitatively evaluate these differences. To
support this, we will need our benchmarks to include high-
quality reference solutions (often called “groundtruth”) as
well as reference outlier measurement classifications.

Temporal Information: In addition to metric accuracy,
a key performance measure for back-ends is their ability to
compute solutions to problems in real-time. To support anal-
ysis of this performance, we will further require benchmark
datasets that maintain accurate temporal information.

Convenient: For benchmark datasets to be useful, the
community should want to use them. To facilitate this, the
benchmark datasets should be convenient and easy to use so
that researchers adopt them to test and evaluate their work.

It is only by meeting all of these requirements that our
benchmark datasets will properly support researchers to test
and evaluate novel C-SLAM back-end algorithms.

III. RELATED WORK

Due to the lack of standard benchmark datasets, prior
works have primarily taken three general approaches to eval-
uating the performance of proposed algorithms: 1) simulated
multi-robot datasets [10–15, 17–21], 2) partitioned single-
robot benchmark datasets [9–15], and 3) closed-source real-
world data [10, 18]. While each can support the efficacy
of an algorithm, even together they don’t permit accurate
evaluations and comparisons.

Simulated datasets are an excellent tool to evaluate C-
SLAM back-end algorithms. They can be used to evaluate
algorithms up to and beyond the bounds of current robotic
hardware limitations (e.g. runtime, physical mobility, and
team size). Simulated datasets, however, will never be ca-
pable of capturing the nuances of real-world data.

Partitioned single-robot benchmark datasets, when based
on real-world data, bring increased realism. However, simply
partitioning measurements from a single trial fails to accu-
rately represent the topological structure, viewpoint variance,
or measurement distribution that we expect from a multi-
robot team operating in tandem and communicating to derive
inter-robot measurements. Additionally, these benchmarks
lack outlier measurements and, in their current formats
(g2o [5] and toro [22]), lack temporal information.

A small number of works that develop distributed C-
SLAM back-ends have evaluated on real-world data from
multi-robot teams [10, 18]. Both test on closed-source multi-
robot data. While this evaluation is great evidence for the
performance of these methods, the closed-source data does
not provide a means to reproduce results nor help current
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researchers in the development of new algorithms.
Open-source multi-robot sensor data does exist and is

being released with increased frequency [23–28]. This data,
however, has not seen widespread adoption, as it requires
researchers to implement their own distributed C-SLAM
front-end, which can be a time-intensive and complex task.
Additionally, if all researchers implement their own C-SLAM
front-ends to utilize this data, then differences in these front-
ends are likely to dominate performance differences and
obfuscate back-end comparisons between works.

Though they have seen only limited use, there are two
datasets that are close to achieving the requirements for our
distributed C-SLAM benchmark datasets.

First is the University of Toronto Institute for Aerospace
Studies Multi-Robot Cooperative Localization and Mapping
benchmark [29]. While this benchmark can be an excellent
resource for researchers, its artificial construction and con-
trolled lab environment mean that it is not representative of
the data we expect from deployed multi-robot systems.

Second is the Nebula multi-robot benchmark [30]. This
benchmark consists of four datasets from multi-robot deploy-
ments in subterranean tunnel environments for the DARPA
Sub-T Challenge. These datasets consist of 3D pose-graphs
that were generated at operation time by a centralized collab-
orative SLAM system (LAMP 2.0 [30]). The Nebula datasets
provide an excellent representation of real-world multi-robot
data and include outlier measurements, temporal information,
good intra/inter-robot loop-closures, and decent reference
solutions from LiDAR scan matching to a survey-grade
map. However, loop-closures are computed in a centralized
manner, making them unrealistic to what we expect from
distributed C-SLAM systems, and as it consists of only four
datasets in subterranean environments, this benchmark is
limited in its ability to test a back-end’s generalization.

With only a single, limited benchmark that achieves the
requirements outlined in Sec. II, we are motivated to develop
additional benchmark datasets to support the community and
facilitate future research.

IV. METHODOLOGY

To develop a suite of distributed C-SLAM benchmark
datasets, we first identify open-source real-world data that
supports our benchmark requirements (Sec. IV-A). We then
define a baseline C-SLAM front-end used to derive the
measurements that make up the benchmarks (Sec. IV-B)
and a communication model required for deriving inter-robot
measurements (Sec. IV-C). We finally derive the reference
solution, noise models, and measurement classifications re-
quired to complete these benchmark datasets (Sec. IV-D).

A. Data Selection
To develop realistic benchmark datasets, we must begin

with high-quality real-world data. We specifically focus on
LiDAR data, as LiDAR-based SLAM systems are currently
preferred in research and industry. Therefore, LiDAR-based
benchmarks will be representative of real-world deployments
for large sections of the robotics community.

The best real-world LiDAR data would be that gathered
by actual multi-robot teams like the recent releases discussed
above [23–27]. These datasets, however, all fail to support
our requirements, as each fails to provide at least one of the
following – an accurate reference solution, long trajectories,
or opportunities for loop-closures.

Despite the lack of viable multi-robot data, there is another
path to derive our benchmark datasets. We can use multiple
independent trials of single-robot data gathered at different
times in the same environment to simulate a multi-robot
data sequence by temporally aligning the data. By using
independent trials, we achieve realistic multi-robot viewpoint
variance and topological structure. Additionally, by tempo-
rally synchronizing the data, we can simulate communication
and, in turn, derive realistic inter-robot measurements.

This approach is made possible by our focus on LiDAR
data, as it is invariant to visual differences, meaning that
even data from different times will be consistent. While there
may be physical differences in the environment when data is
collected, these changes are not unrepresentative of dynamic
objects moving during multi-robot operations.

Specifically, we synchronize multiple trials into a multi-
robot sequence by selecting one to act as the anchor time
t∗. For all other trials, we sample a relative start time ∆i ∼
N (0s, 40s) and temporally transform its data to act as though
the robot had started operation at ti where:

ti = t∗ +∆i (1)
Remark 1 (Synchronization Side-Effects): While we synchronize
single-robot trials to the same general operation time, we do not
synchronize their measurements nor the period in which they are
active. Each robot’s sensors gather data at slightly different rates
and offsets. Additionally, since each trial is a different length, not
all robots may be active at once. We consider all robots to be
“off” until the timestamp of their first measurement. Inversely,
after a robot’s final local measurement, we assume that the robot
stays active but remains stationary such that it can continue to
communicate and even derive new inter-robot measurements.

For synchronization, however, we still require single-robot
data that supports our benchmark requirements. For this,
we selected the Multi-Campus Dataset (MCD) [31] and
the CU-Multi Dataset [28]. Together the datasets consist
of multiple trials collected by four different platforms in
five unique university campus environments. The CU-Multi
dataset was even designed intentionally for multi-robot ap-
plications, making an argument for temporal synchronization
similar to ours. For additional details on these datasets, please
see the original publications. To handle these datasets and
ensure proper calibration, we utilize evalio [32].

B. C-SLAM Front-End

To generate benchmarks from synchronized data, we next
implement a representative C-SLAM front-end algorithm
consisting of an odometry algorithm, a keyframe selection
method, a loop-closure detection module, and a loop-closure
computation method. For each, we use existing methods
representative of the state of the art.

1) Odometry: Odometry measurements, observed at the
rate of LiDAR scans, are derived using LiDAR Odometry
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(a) Odometry + Keyframes (b) Loop-Closure Detections (c) Loop-Closure Measurements

Fig. 2: Example results from each step in our distributed C-SLAM front-end on the kth r3 00 dataset. 2a depicts the odometry estimated by LOAM in solid colors, the reference
trajectories in opaque colors, and the selected keyframes as dots on the odometry estimate, with each color representing one of the 3 robots. 2b depicts all potential loop-closures
detected by ScanContext, with detections colored based on the robot that generated the detection. 2c depicts the final set of measurements computed by KISS-Matcher, with
inliers drawn with solid lines and outliers drawn with dashed lines.

and Mapping (LOAM) – a standard baseline for LiDAR-
only odometry [33]. We use an open-source implementation
of LOAM provided through evalio.2

2) Keyframe Selection: From this high-rate odometry,
we sub-sample keyframes – a standard practice in SLAM
pipelines to reduce the problem size. We use a distance-based
keyframe selection metric to sample keyframes when the
odometry measurements indicate that the robot has traveled
more than a threshold distance dkf = 2m. Odometry
between keyframes is computed directly by integrating the
high-rate odometry measurements.

3) Intra-Robot Loop-Closure Detection: For each
keyframe, we perform intra-robot loop-closure detection
using ScanContext [34]. A ScanContext descriptor and
RingKey are computed for the keyframe scan and compared
against a database of descriptors from all prior keyframes
using the “Two-Phase Search” method described in the
original work. We use an open-source implementation of
the ScanContext descriptor and database.3

4) Inter-Robot Loop-Closure Detection: To detect and
compute inter-robot measurements, robots communicate raw
LiDAR scans (for communication details, see Sec. IV-C).
When a scan is received from a teammate, we again use
ScanContext and perform the “Two-Phase Search” against
the database of local keyframe descriptors. We then store
the descriptor in a unique database for scans received from
the teammate. When a local keyframe is selected, it is also
compared against the databases for all teammates.

5) Loop-Closure Computation: For each detected loop-
closure (both intra-robot and inter-robot), when detected,
we attempt to compute a loop-closure measurement using
KISS-Matcher [35]. We use the open-source implementation
of KISS-Matcher provided by the original authors.4 This
algorithm does attempt to reject outlier measurements, but
as expected, it does compute spurious measurements both
due to poor detections as well as limitations in the LiDAR
scan alignment, resulting in realistic outliers that we want
for our benchmark datasets.
Remark 2 (Dewarping): To decouple the results of the odometry
module and the loop-closure detection/measurement modules, we
dewarp LiDAR scans using the reference solution before passing
each scan to the detection/measurement modules.

This front-end produces the measurements that form the
2https://github.com/contagon/evalio
3https://github.com/DanMcGann/scan_context
4https://github.com/MIT-SPARK/KISS-Matcher

basis of our benchmark datasets. An example of the results
from this front-end can be seen in Fig. 2. For completeness,
we also include all hyperparameters used for the front-end
component algorithms alongside the online dataset release.

C. Communication Model
To compute a realistic set of inter-robot loop-closure mea-

surements using the pipeline above, we need to accurately
model communication between robots. In this section, we
derive a model from real-world data that can be used to
simulate inter-robot communications for this task.

1) Communication Data Analysis: Open-source data on
inter-robot communication during a multi-robot deployment
is very limited. Recent data collected by Lajoie et al.,
however, provides us with an opportunity to analyze the
characteristics of inter-robot communications [36].

The communication data was collected during a three-
robot experiment in a planetary analog environment. As
robots traversed, they communicated using an ad-hoc Wi-
Fi network. The authors utilized network profiling tools to
record the throughput and latency between all robots over
periods of 1s. In their analysis, Lajoie et al. note that
the dominant indicator for network behavior is inter-robot
distance, which we utilize below to summarize the data for
each channel shown below in Fig. 3.
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Fig. 3: Summary of Wi-Fi communication data recorded by Lajoie et al. [36], including
per-channel throughput (left) and probability of inter-robot connectivity (right) against
inter-robot distance. In the connectivity plots, we additionally plot 99% confidence
intervals, though these are overly optimistic as the data is correlated.

From these figures, we can draw some conclusions about
the communication network. Firstly, we can observe that
bandwidth is uncorrelated with inter-robot distance; rather,
when robots are able to connect, they appear to utilize all the
available bandwidth. However, we can see that the bandwidth
is not equally shared; we hypothesize that this is a side
effect of running multiple instances of network profilers as
each attempts to flood the network. When used for actual
inter-robot communication, we predict that better network
sharing is possible. Second, while bandwidth is not correlated
with inter-robot distance, connectivity is correlated. Notably,
connectivity between robots is probable at close range and
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unlikely at larger inter-robot distances.
2) Generic Communication Model: Using the analysis of

this data, we defined a generic communication model that
can be used to simulate inter-robot communication.

We assume that all robots engage in a single peer-to-
peer communication at a time (to minimize interference)
on a shared channel (e.g. Wi-Fi, UWB, acoustic) that has a
maximum bandwidth B. Simultaneous communications will
cause interference and require bandwidth sharing, which we
assume to be allocated equally. However, this interference
will be spatially localized due to limited communication
ranges. Specifically for a communication between robots a
and b, there will be interference if there exists an actively
communicating robot within a distance dintf meters of either
a or b. We define the total number of communications occur-
ring around a and b at timestep t as Iab(t,Θ∗), which uses
the reference solution Θ∗ to compute inter-robot distances.
From this we can define the available bandwidth between
robots a and b as B/Iab(t,Θ∗).

Unlike bandwidth, according to the analysis of Fig. 3,
connectivity between agents is correlated with the inter-robot
distance. We assume that this correlation is modeled by a
function ϕ that, given an inter-robot distance dab(t,Θ

∗) com-
puted from the reference solution Θ∗, outputs the probability
that the robots a and b can successfully communicate at this
timestep t. This allows us to sample the connectivity C(t)
between two robots as Cab(t,Θ∗) ∼ Bern(ϕ(dab(t,Θ

∗))).
Together these models for bandwidth and connectivity

allow us to simulate the throughput T between robots a and b
at a time t over a small timestep δ (during which we assume
that all network traits are constant) as:

Tab(t) = (B/Iab(t,Θ∗))
Bandwidth

· Cab(t,Θ∗)
Connectivity

· δ (2)

Putting all of this together, we can define a simple process
to simulate inter-robot communications as outlined in Alg. 1.
Remark 3 (Communication Initialization): To utilize this model,
we need a method to initiate communication between robots. We
expect that transmissions will require multiple timesteps δ of con-
nectivity. To help ensure this, we define an initialization threshold
dinit based on ϕ such that robots initialize communications only
when they are close enough to have relatively reliable throughput
to complete the communication. An attempt to initialize a new
communication is successful if the two robots connectivity Cab is
successfully sampled according to the model above.
Remark 4 (Communication Timeouts): We also define a communi-
cation timeout T = 2s to terminate stale connections. This timeout
is both representative of typical network protocols and also prevents
our simulation from becoming deadlocked if agents travel too far
apart while attempting to communicate.

Algorithm 1 Simulate Communication

1: In: start/end time ts/te, step δ, robots R, ref. solution Θ∗

2: C ← {} ▷ Active Communications
3: A← R ▷ Available Robots
4: for t from ts to te by δ do
5: C,A← InitializeNewComms(t, A,Θ∗) ▷ Remark 3
6: for c ∈ C do
7: c← UpdateActiveComm(c, t,Θ∗) ▷ Sample+Integrate Eq. 2
8: A← CheckTermination(c, t) ▷ Complete/Fail/Maintain

3) Concrete Models: From this general model structure,
we define two concrete instances, defining the parameters of

the model based on expectations for common hardware. First
is a Wi-Fi-based model derived from the communication
data by Lajoie et al. [36]. The closed-form equation for
ϕ(d) = min

(
Pmax, α

(
βd/rmax − β

))
was derived from

manually fitting a curve to the connectivity data in Fig. 3.
Based on the Wi-Fi model, we also define a model

based on “Professional” radio equipment (Pro-Radio). Such
hardware is expected to have increased range but lower
bandwidth due to the increased power requirements. The
remaining hyperparameters are scaled from those of the Wi-
Fi model to maintain a similar structure. Both the Wi-Fi and
Pro-Radio models are summarized in Fig. 4.

Model Hyperparameters
Parameter Wi-Fi Pro-Radio
B (KB/s) 2000 1000
dinit (m) 30 150
dintf (m) 40 150
Pmax 0.7 0.8

α 1.1 1.8
β 0.1 0.3

rmax (m) 70 200 0 100 200
Distance (m)

0.0

0.5

Á
(d
)

Wi-Fi
Pro-Radio

Fig. 4: Model hyperparameters (left) and connectivity functions ϕ(d) (right) for the
Wi-Fi and Pro-Radio communication models.

4) Interactions with Front-End: To utilize these concrete
models to simulate inter-robot communication for the pur-
pose of supporting the front-end described above, there are
two additional details to specify – the selection of LiDAR
scans to send when a communication is initialized and the
amount of data required to transmit that scan.

LiDAR scan selection is performed naively. When a com-
munication is initialized, the transmitting robot randomly
selects (uniformly) a keyframe scan that has not yet been
successfully sent to the receiving robot.

We compute the data transmission size of a LiDAR
scan assuming that agents only need to send [x, y, z] data
represented by 32-bit floating-point numbers, that the packet
header sizes are negligible relative to the size of the scan,
and that the data is first compressed using xz.5 We assume
that the compression factor provided by xz is modeled
by a normal distribution such that the compressed size s
can be computed from the original size S as s = f · S
and the compression factor f is sampled from N (µxz =
0.653, σxz = 0.04). Where we empirically computed this
distribution using a random sample of 20 LiDAR scans from
the KTH Day 6 trial of the Multi-Campus Dataset [31].
Remark 5 (Communication Model Limitations): While designed
for accuracy, our inter-robot communication model has non-trivial
limitations. The one-active-communication assumption, equal-
bandwidth-sharing assumption, and disregard of packet latency may
not be perfectly reflective of actual operations. However, more
impactfully, we know that our distance-based connectivity model
will not reflect reality as it ignores physical interference (e.g.
buildings, vegetation, walls, etc.). While our connectivity models ϕ
are based on data collected in the presence of physical interference,
lack of explicit modeling limits our model’s accuracy.

D. Additional Details

For completeness, in this section we provide a few final
details on the dataset derivation process for COSMO-Bench.

5https://github.com/tukaani-project/xz
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1) Prior: For all datasets, we assume that all robots
have an accurate initial estimate in the global reference
frame, which is taken from the reference solution. Since this
estimate is quite accurate, we manually define a noise model
with a rotational standard deviation of σr = 1e−4 rad and
a translational standard deviation of σt = 1e−3 m.

2) Reference Solution: Deriving a reference solution for
our benchmarks is simple due to our data selection. Both
the MCD and CU-Multi datasets have accurate reference
solutions provided by alignment to a survey-grade map and
a LiDAR-Inertial + RTK-GPS + Digital Elevation Model
SLAM algorithm, respectively [28, 31]. To derive a reference
solution for our benchmarks, we simply extract the poses
from the provided references for each keyframe.

3) Measurement Noise Models: This reference solution
also permits us to derive measurement noise models. For
each data collection platform, we select a single trial and
run it through the front-end above without any robot team.
Using the computed measurements m ∈ SE(3) and their
respective “true” measurements m∗ (derived from the refer-
ence solution), we compute a sample covariance Q for both
the odometry measurements and loop-closure measurements.
Since both are relative pose measurements, covariance is
computed in the tangent space se(3) according to:

Q =
∑
m∈M

rmr⊤m (3)

where rm = Log
(
m−1 ◦m∗

)
, which is defined using

standard Lie Group notation [37]. One confounding factor
for computing this covariance is that it assumes none of the
measurements are outliers. For loop-closure measurements
that contain outliers, we compute the sample covariance on
only “good” measurements, defined as having a translational
and rotational error (as compared to the reference solution)
less than a user-supplied threshold (e.g. 0.5 m and 0.05 rad).
Remark 6 (Analytical Noise Models): We would prefer to use
analytic noise models for each measurement over empirical models.
However, the component algorithms we use in our front-end do not
provide estimates for measurement noise, as doing so is extremely
difficult due to iterative re-association within the algorithms [38].

4) Measurement Classification: Finally, we make use of
these noise models to define the final aspect of our dataset –
reference outlier classifications. We assume that all measure-
ments are affected by Gaussian noise. This means that the
residuals for the measurements will be χ2 distributed. We
can use this fact along with the empirically computed noise
models to classify our measurements. Specifically, we define
a loop-closure measurement as an outlier if its measurement
residual (weighted by the noise model above) exceeds the
95% χ2 critical value.

V. COSMO-BENCH

Using the process described in Sec. IV, we generate a total
of 24 multi-robot benchmark datasets that make up COSMO-
Bench. More specifically, we define 10 sequences using trials
from the Multi-Campus data6 and 2 from the two locations in

6Note: The trial NTU Day 10 from MCD is omitted from any sequences
due to issues with its reference solution.

the CU-Multi data. Due to the fact that the communication
model will affect the data passed between teammates and,
in turn, which inter-robot measurements are computed, we
generate one dataset for each communication model for
all sequences, resulting in a total of 24 datasets. For both
models, we use δ = 0.1s for communication simulation. For
a summary of the COSMO-Bench datasets, see Fig. 1.
Remark 7 (Noise Models): For all sequences in a common envi-
ronment, we use a constant empirical noise model derived from
a single trial. The trials used for noise models are as follows
– NTU=Night 4, KTH=Day 6, TUHH=Day 2, and CU Boulder
Campus=Kittredge Loop Robot 3.

We make all benchmark datasets publicly available in
JSON Robot Log (JRL) format.7 Each dataset contains or-
dered prior/odometry/loop-closure measurements like famil-
iar formats (e.g. g2o, toro). However, JRL unambiguously
separates data per robot, includes temporal information for
runtime evaluation, provides reference solutions for algo-
rithm evaluation, and is built on JSON for easy parsing.

A. Nebula Multi-Robot Datasets
For the convenience of the community, we additionally

provide the Nebula Multi-Robot Datasets in the same JRL
format as our benchmarks (Fig. 5).

Name tunnel
Robots d, c
Dur. 71:06
Length 2.59km
LC 3130(7.0%)
IRLC 2426(8.7%)

Name urban
Robots a, d, e
Dur. 44:33
Length 1.55km
LC 846(21.4%)
IRLC 606(68.5%)

Name ku

Robots a, c, d, b
Dur. 57:54
Length 6.01km
LC 653(5.4%)
IRLC 232(37.1%)

Name finals
Robots g, h, e, c
Dur. 41:12
Length 1.21km
LC 662(11.9%)
IRLC 801(29.3%)

Fig. 5: The Nebula datasets. For each dataset, we plot the reference solution and
enumerate metadata including – The dataset name, involved robots, total duration
(MM:SS), total distance traveled, and the number (#) of measurements plus outlier
rate (%) for both intra-robot (LC) and inter-robot (IRLC) loop-closures (#, %).

The Nebula datasets are provided as global factor graphs
containing measurements generated by LAMP 2.0. To con-
vert to JRL, we simply sequenced each robot’s odometry
measurements and distributed the loop-closure measure-
ments. We additionally derive a new noise model for the
datasets. Comparing the measurements in these datasets
against the reference solution suggests that the recorded
noise models are overly optimistic. We derive a new noise
model for both odometry and loop-closure measurements
empirically (Sec. IV-D.3) using the tunnel dataset. We
additionally use this model along with the reference solution
to classify inlier/outlier measurements (Sec. IV-D.4).
Remark 8 (The urban Reference Solution): WARNING: Careful
inspection of the map produced by the reference solution of the
urban datasets shows misaligned LiDAR scans, indicating that the
reference solution provided for this dataset is somewhat inaccurate.

VI. CONCLUSION

We hope that COSMO-Bench serves as a useful tool for
the community as we collectively work to develop and eval-
uate the next generation of C-SLAM back-end algorithms.

7https://github.com/DanMcGann/jrl
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C. Dornhege, M. Ruhnke, A. Kleiner, and J. Tardös, “A comparison of
SLAM algorithms based on a graph of relations,” in Proc. IEEE/RSJ
Intl. Conf. on Intelligent Robots and Systems (IROS), pp. 2089–2095,
2009.
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