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Abstract— In this paper, we address the lack of datasets for
– and the issue of reproducibility in – collaborative SLAM pose
graph optimizers by providing a novel pose graph generator.
Our pose graph generator, kollagen, is based on a random walk
in a planar grid world, similar to the popular M3500 dataset
for single agent SLAM. It is simple to use and the user can
set several parameters, e.g., the number of agents, the number
of nodes, loop closure generation probabilities, and standard
deviations of the measurement noise. Furthermore, a qualitative
execution time analysis of our pose graph generator showcases
the speed of the generator in the tunable parameters.

In addition to the pose graph generator, our paper provides
two example datasets that researchers can use out-of-the-box
to evaluate their algorithms. One of the datasets has 8 agents,
each with 3500 nodes, and 67645 constraints in the pose graphs,
while the other has 5 agents, each with 10000 nodes, and 76134
constraints. In addition, we show that current state-of-the-
art pose graph optimizers are able to process our generated
datasets and perform pose graph optimization.

The data generator can be found at https://github.
com/EricssonResearch/kollagen.

I. INTRODUCTION

Both robots and extended reality devices, such as AR/VR
glasses, permeate the public and private sector more and
more in the form of, e.g., industrial applications and con-
sumer devices. For an autonomous operation, the robots and
devices often need to build a map of the environment by
themselves and orient themselves in said map. For this,
Simultaneous Localization and Mapping (SLAM) is used
[1]. Due to the sheer amount of deployed devices, the
large scale environments, or both, it is deemed beneficial to
perform collaborative SLAM (C-SLAM) among the devices
[2]. Therefore, C-SLAM has become an active research area
in recent years.

In C-SLAM, each agent has a front-end and a back-end.
The front-end processes measurements and generates loop
closures, which indicate correspondences between places that
the agent has visited. Loop closures are not only made
between poses of a single agent as in SLAM (called intra-
agent loop closures), but also between poses of different
agents (called inter-agent loop closures). Since the front-
end of an agent is highly dependent on the types of sensors
used by the agent, we put our focus on the back-end in
this paper. In the back-end, the map is abstracted into a
graph and graph optimization is performed to optimize over
the agent’s pose and the position of landmarks. The graphs
of different agents will be connected via inter-agent loop
closures. Often, the landmarks are marginalized out, such that
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the graph representing the map is a pose graph. The nodes
of the pose graph represent the poses of an agent, while the
edges represent constraints coming, e.g., from odometry and
loop closures. For SLAM, pose graph optimizers have been
developed that are able to solve the pose graph optimization
problem of the back-end in an incremental manner, such
as iSAM2 [3], or provide a certifiably correct solution in
an offline manner such as SE-Sync [4]. In addition to this,
there are many datasets for pose graph optimization in the
single agent case available, such as M3500 [5], and torus
and rim [6]. There are also several methods available for
pose graph optimization in the C-SLAM case. For example,
DPGO [7] presents a distributed way to obtain a certifiably
correct solution to the collaborative (distributed) pose graph
optimization problem, while a majorization minimization
approach is proposed in [8]. Since the increased interest
in SLAM led to an increase in SLAM datasets, one would
expect that the increased interest in C-SLAM would lead to
an increase in datasets for C-SLAM. However, to the best of
the authors’ knowledge, this has not been the case. Currently,
SLAM datasets are often split into several parts to substitute
as C-SLAM datasets, as it is, for example, done in [7].

To address this issue, we present kollagen, a collaborative
SLAM pose graph generator. Inspired by the M3500 dataset,
kollagen generates pose graphs of agents moving randomly
on a planar grid. For the sake of simplicity, kollagen only
generates planar pose graphs but it could be easily extended
to three-dimensional pose graphs. The generator provides
both ground truth for the agents, and noisy odometry and
loop closure measurements, where the generation of a loop
closure is random and the generation probability is based
on the proximity of the nodes. The generated pose graphs
are saved in an intuitive file structure for the C-SLAM pose
graphs, which lets the user easily extract the pose graph for
each agent alone such that it also can be used for the single
agent SLAM case. Moreover, we give the option to generate
the dataset from specifications in a .json file. A qualitative
analysis of the execution time indicates that the pose graph
generator scales linearly with the number of agents and
the number of nodes of each agent, but scales worse than
linear in the radius used for determining loop closures due
to the quadratic dependency on the radius. Furthermore, we
demonstrate how to use the pose graph generator and provide
two datasets generated with our pose graph generator, which
can be readily used as example datasets by the research
community to evaluate their algorithms and compare them
to other algorithms.

The remainder of the paper is organized as follows. In
Section II, we review related work concerning pose graph
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optimization datasets. In Section III, we present kollagen
and describe its inner workings on a high level, while two
example datasets are presented in Section IV, generated with
our pose graph generator and optimized with state-of-the-
art pose graph optimizers. Finally, Section V concludes the
paper stating possible extensions of the presented pose graph
generator.

Notation: The sets of natural and real numbers, and
integers are N, R, and Z, respectively. A zero-mean nor-
mal distribution with standard deviation σ is denoted by
N (0, σ2), while U{a, b} for integers a < b denotes the
discrete uniform distribution over the integers c such that
a ≤ c ≤ b. Here, wrap : R → [−π, π) is a function that maps
an angle into its equivalent angle in the range [−π, π)1, % is
the modulo operator, and δi = δi0, where δij is the Kronecker
delta. A planar pose is defined as x = (x, y, θ), where x and
y are the position in the plane, and θ is the heading. We
define ∥x∥2,p as the Euclidean norm of the position in the
pose, i.e., ∥x∥2,p =

√
x2 + y2.

II. RELATED WORK

The increased interest in SLAM in the last decades also
raised the need for datasets for the proposed SLAM algo-
rithms. A classical dataset for planar SLAM is M3500, intro-
duced in [5]. In this dataset, a mobile agent navigates a grid
world, similar to moving around city blocks in Manhattan. It
consists of 3500 poses and 5600 constraints, which include
both odometery and loop closure constraints. To investigate
the robustness to noise of their SLAM algorithm, Carlone
et al. [9] introduce three variations of M3500, which are
based on the same ground truth as M3500 but with increased
levels of angular noise. A M3500-like dataset with 10000
nodes (called W-10000 in [10] and M10000 in [11]) is
introduced in [12] as well as the sphere dataset. There
also exist many datasets for 3D SLAM algorithms, such as
torus, cube, cubicle, and rim introduced in [6]. Here,
rim and cubicle are pose graphs obtained from real data,
while torus and cube are generated via simulation. Often,
datasets are also published when a new pose graph optimiza-
tion algorithm for the SLAM back-end is published, as was
the case for the datasets City10000, CityTrees10000,
and sphere2500, which were released with iSAM [13]. A
pose graph generator is provided with the g2o framework
[14], which is a general graph optimization framework.
Their simulator allows for landmark nodes in the graph and
different measurement models for the agents. However, it
requires the g2o framework such that it is not possible to
easily integrate it with other pose graph optimizers.

While there exists an abundance of datasets for SLAM,
there are not many publicly available datasets for C-SLAM
[2]. Nine different datasets with real world data from multi-
robot cooperative localization and mapping are presented
in [15]. These nine datasets contain the movements of five
ground robots and landmark positions. Five additional real
world datasets with three ground, and one aerial, vehicle

1A possible representation of wrap could be θ 7→ arctan 2(sin θ, cos θ).

are provided by [16]. These five datasets include IMU
measurements and camera images as well as AprilTags for
each robot. Golodetz et al. [17] investigate collaborative 3D
reconstruction in four different environments and provide
the datasets for these environments. These C-SLAM datasets
concentrate on real world examples, which can be used to
evaluate the whole C-SLAM pipeline, i.e., both the front-end
and the back-end.

To obtain datasets for the back-end, it is common to
split datasets for single agent SLAM algorithms, such as
M3500, torus and cubicle, into several distinct parts
for testing C-SLAM algorithms or to use simple simulations
of agents trajectories and loop closures, such as a lawnmower
pattern, see, for example, [7]. However, splitting single
SLAM datasets will not necessarily lead to realistic multi-
agent datasets, because the obtained trajectories of the agents
are often confined to certain areas of the map and do not
move as independent agents would potentially move. One
could also use the data provided in [15]–[17] to obtain a
pose graph, similar to how cubicle and rim are created.
These pose graphs can be useful for benchmarking due to
their realistic pose graphs, but for each dataset we would
only obtain one pose graph for a certain amount of agents.

Due to the lack of pose graph datasets for C-SLAM, we
present, kollagen, a data generator for C-SLAM pose graphs,
in the following section, which lets the user generate an
arbitrary amount of pose graphs efficiently, with an arbitrary
amount of agents.

III. THE KOLLAGEN POSE GRAPH GENERATOR

In this section, we introduce kollagen, a collaborative
SLAM pose graph generator. The kollagen data generator is a
C++20 header-only library without third-party dependencies,
making it easy to incorporate into existing projects. It pro-
duces a pose graph for each of the Nagents agents as well as
inter-agent loop closures connecting the pose graphs of the
single agents, where the number of agents, Nagents ∈ N,
is user-specified. Furthermore, it offers the ability to output
pose graphs in the .g2o file format for use with popular
graph optimizing frameworks such as, g2o [14] and GTSAM
[18], and ground truth in the .tum file format2 for use with
SLAM evaluation tools such as evo [19]. However, since the
.g2o format does not extend naturally to the multi-agent
case, we also present the multi-g2o structure (Section III-B)
along with a parser for reading and writing to said structure.

Next, we describe how the collaborative pose graphs are
generated, followed by an introduction to our new structure,
multi-g2o, for saving the collaborative pose graphs, a section
on the interoperability of kollagen, and finally a qualitative
analysis of execution time of kollagen.

Remark 1. Please note that in this section, we describe the
inner workings of kollagen on a high level. If the reader
desires more insights on how to use kollagen, we invite
them to look at the documentation provided on our GitHub

2See Ground-truth trajectories section at https://vision.in.
tum.de/data/datasets/rgbd-dataset/file_formats
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page: https://github.com/EricssonResearch/
kollagen

A. Data Generation
The data generator is inspired by the M3500 dataset,

and we, therefore, initiate this section with a quick review
of M3500. The pose graph is generated by performing a
random walk on a planar grid. The agent randomly chooses
a direction and then takes four steps in that direction before
choosing a new direction. This is done in an iterative manner
to produce the ground truth. By taking the ground truth of
M3500 and comparing the relative translation between each
node with the provided odometry measurements, we find that
the measured position and heading are seemingly influenced
by a zero-mean normal distribution with a standard deviation
of 0.023 as depicted in Fig. 1.
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Fig. 1: Distribution of the noise influencing the position, (x, y), and the
heading, θ, in the M3500 dataset

1) Agent pose propagation: Inspired by the M3500 [5]
dataset, the agents are constricted to moving within a planar
Manhattan-type world, that is, a grid of horizontal and ver-
tical lines with equal spacing. Each agent’s k:th pose, xk =
(xk, yk, θk), is defined by its position (xk, yk) ∈ Z2 in the
xy-plane, and its heading angle θk ∈ π

2 · {−2,−1, 0, 1}. To
generate the ground truth, the agents’ poses are propagated
as a two-dimensional random walk for Nsteps steps, where
Nsteps ∈ N is defined by the user.

Each agent turns in a randomly selected direction (includ-
ing not turning at all) before taking s steps forward. The
parameter s is, by default, the same for all agents and was
added taking inspiration from M3500 in which four steps are
taken (corresponding to s = 4) after possibly turning. From
this description follows that each pose x[k] can be described
as a function of the previous pose as follows

θk = wrap
(
θk−1 + δk%s ·

π

2
Θk

)
, (1a)

xk = xk−1 + cos θk, (1b)
yk = yk−1 + sin θk, (1c)

where Θ ∼ U{−2 + nd, 1} for a user-defined parameter
nd ∈ {0, 1}, which enables the possibility of an agent to
perform a 180◦ turn when randomly choosing a direction,
and δk%s guarantees that turning can only happen every s:th
step. The initial pose, x0, of each agent is by default set to
zero, but can also be adjusted by the user.

Remark 2. In kollagen, the ground truth is generated on
an integer grid according to Eq. (1) for numerical reasons.
However, the results get re-scaled by a factor d

s during
saving, where d ∈ R>0 is specified by the user.

2) Odometry measurement: In the previous section, we
presented the ground truth pose propagation of an agent
given by Eq. (1). In this section, we describe how an agent
takes relative measurements between consecutive poses.

What we expect to obtain from a real system would be
noisy measurements of the change in angle

∆θ̂k = θk − θk−1 + θ̃k (2)

and the distance travelled ∆ℓ̂k = ∥xk − xk−1∥2,p+ℓ̃k, where
θ̃ ∼ N (0, σ2

ang) and ℓ̃ ∼ N (0, σ2
pos). Here, σpos and σang

are the (user-defined) standard deviations of the position and
angle, respectively. This then leads to an estimate of the
relative change in xy-coordinates given by

∆x̂k = ∆ℓ̂k cos∆θ̂k, (3a)

∆ŷk = ∆ℓ̂k sin∆θ̂k, (3b)

Note that the measurement model described in Eqs. (2)
and (3) is biased and has a correlated covariance matrix.

3) Pose graph alignment: Since each agent performs a
random walk according to Eq. (1), it is likely that the agents’
trajectories diverge due to the randomness in each agent’s
movement. Depending on the collaborative SLAM applica-
tion, this can be considered unrealistic behavior, for example,
in a constrained environment. Therefore, we provide an
(optional) alignment step which increases the proximity of
the agent poses. In this step, an anchorpoint corresponding
to the arithmetic mean of the positions of each agent is
calculated. Setting the first agent as a reference point, the
pose graphs of all the other agents are translated such that
their anchorpoints are aligned with the anchorpoint of the
first agent.

4) Loop closures: Once the ground truth trajectory and
odometry measurments are generated, and the pose graphs
have potentially been aligned, kollagen generates loop clo-
sures as follows.

For each pose x ∈ P1, we check whether there exists a
pose z ∈ P2 such that ∥x− z∥2,p ≤ Rlc, where Rlc ≥ 0. If
∥x−z∥2,p = 0, then a loop closure between x and z is added
with probability plc ∈ [0, 1]. If 0 < ∥x− z∥2,p ≤ Rlc, then
a loop closure between x and z is added with a probability
proportional to a function that has its maximum at ∥x −
z∥2,p = 0 and decreases with an increasing ∥x − z∥2,p. By
default the function is set to exp

(
−5 (∥x− z∥2,p/Rlc)

2
)

.
To generate intra-agent loop closures we choose P1 =

{xk} and P2 = {xi}k−1
i=0 , where xi is the i:th pose of one

agent. Then, for all agents, we iterate through the procedure
described above for all k ∈ {1, . . . , Nsteps} to obtain the
intra-loop closures for each agent.

Inter-agent loop closures are performed similarly to the
intra-agent loop closures, but they are performed pairwise
between the agents for the

(
Nagents

2

)
possible agent pairs,

where P1 is then the set of all poses of one and P2 of the
other agent, respectively. Note that both plc and Rlc do not
have to be the same for intra- and inter-agent loop closures.

The measurement model for the loop closures is based
on the true relative change in the coordinates and heading
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with additive noise. For example, for an intra-agent LC let
xi ∈ P1 and xj ∈ P2. Then the measurement is given by

∆θ̂ij = θi − θj + θ̃ij (4a)[
∆x̂ij

∆ŷij

]
=

[
cos θj sin θj
− sin θj cos θj

] [
xi − xj

yi − yj

]
+

[
x̃ij

ỹij

]
, (4b)

where θ̃ ∼ N (0, σ2
ang), x̃ ∼ N (0, σ2

pos), ỹ ∼ N (0, σ2
pos),

and σpos and σang are again the (user-defined) standard
deviations of the position and angle for the loop closure,
respectively. The measurement for a inter-agent loop-closure
is defined in a similar manner.

Remark 3. We choose a different measurement model for
the loop closures than the one in Eqs. (2) and (3), because
the loop closures can be generated with different sensing
modalities, which could results in more information than the
distance travelled and the angle changed. Furthermore, note
that in contrast to Eqs. (2) and (3) the measurement model
in Eq. (4) is unbiased and has a diagonal covariance matrix.

5) Generation of the information matrices: In a pose
graph, each measurement has an (Fisher) information matrix
I attached to it, which specifies how much information is
contained in the measurement. The information matrix can
also be interpreted as the inverse of the covariance matrix.
For the odometry, the information matrix is correlated due to
the measurement model given by Eqs. (2) and (3). If an agent
moves in x-direction, the information matrix has correlated
θ and y entries and similarly for a move in y-direction. For
loop closures, we have I = diag(σ−2

pos, σ
−2
pos, σ

−2
ang) due to the

measurement model given by Eq. (4). Furthermore, we also
give the user the ability to choose incorrect diagonal informa-
tion matrix for both the odometry and loop closures, which
can be used to evaluate how their pose graph optimization
algorithms handle errors in the information matrix.

B. The multi-g2o structure

Here, we will introduce the new structure, multi-g2o, to
save collaborative pose graphs, but first we review the .g2o
format and point out its drawbacks for collaborative pose
graphs.

The .g2o format is a plaintext format which consists
of vertices (initial guesses), and edges (odometry and loop
closures). To take the 2D planar case as an example, a .g2o
file would consist of lines of

i) vertices of the form:
VERTEX_SE2 K x_K y_K yaw_K
for an identifier K∈ N, and (absolute) position/heading
estimates given as floating point numbers x_K, y_K,
and yaw_K.

ii) edges of the form:
EDGE_SE2 K_A K_B Dx_K Dy_K Dyaw_K I
which describes the relative transformation Dx_K,
Dy_K, and Dyaw_K from the vertex with identifier
K_A to the vertex with identifier K_B. The entry
I denotes the estimated information matrix for the
transformation and is given as the upper triangular

entries in row-major order. In the 2D case this would
hence be given by the six entries:
I_11 I_12 I_13 I_22 I_23 I_33

It could be argued that the .g2o format could easily be
extended to multi-agent data by simply allocating a range
of identifiers to each agent. The downside to this approach
is that the identifiers given to each agent are not apparent
within the .g2o file itself, and it is therefore up to the
parser of the file to make this connection. To this end, we
propose the multi-g2o structure as illustrated in Listing 1,
where MultiG2oFolder is a directory containing

Listing 1: Multi-g2o structure

MultiG2oFolder
|-- inter_agent_lc.dat
|-- agent1
| |-- posegraph.g2o
| |-- agent1_GT.tum
|-- agent2
| |-- posegraph.g2o
| |-- ...
|-- agent...
| ...

• inter_agent_lc.dat: a plaintext file with rows of
similar structure as the edges in a .g2o file, that is,
A1 K1 A2 K2 Dx_K Dy_K Dyaw_K I,
where A1 and A2 indicate the agents connected by
the inter-agent loop closures, while K1 and K2 are
the identifiers of the connected nodes of the respective
agents.

• one folder for each agent (here agent1, agent2 etc.)
containing the agent’s pose graph with intra-agent loop
closures as a .g2o file, and the ground truth of the
agent in .tum file format (necessary for some SLAM
evaluation frameworks).

This structure has the following benefits:
1. It clearly distinguishes data for each agent: it is possible

to use the .g2o file of each agent separately in, e.g.,
GTSAM, g2o, etc.;

2. It is human-readable and easily navigable through the OS
file browser;

3. The provided ground truth .tum file makes it easy to use
with the popular evaluation tool evo [19].

C. Interoperability

The kollagen library can be used in a number of ways
depending on where and how the data is meant to be
used. The highest number of possibilities is given to users
targeting C++: these users can include the library header
kollagen.h, from which they can generate data for im-
mediate use, without any need of saving to disk. An example
of this is provided in iSAM2example.cpp where data is
generated and converted to GTSAM types, allowing direct
usage with, e.g., iSAM2. If the end target is not C++, a
more convenient option is to generate data by building and
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running generate.cpp or to install the python package
using pip. The generated data can then be saved as a single
.g2o file which then needs to be parsed (no parser provided,
but see, e.g., [7] for an example), or saved as multi-g2o,
for which a parser for C++ is provided. In addition to that,
the datasets can be generated via specifications given in a
.json file, which means that whole datasets can be shared
and regenerated via just one single file.

D. Execution time

While the execution time may not be critical in most use-
cases, some users of kollagen might – for practical reasons
– want the generation to be both fast and scalable. One
such case could be the need for massive data-generation in
learning-based applications. Another might be to generate
a large variation of datasets to get a statistically sound
perception of performance or accuracy. For this reason we
provide Figs. 2(a) to 2(c) which showcase the execution
times when increasing the number of steps taken, the number
of agents, and the size of the distance used in the intra- and
inter-agent loop closure generation, respectively. In Fig. 2(c),
we set Rlc = R for both intra- and inter-agent loop closures
and vary R. The tests were performed on a laptop with an
Intel i7-1185G7 CPU @ 3.0 GHz and 32 GB RAM.

The data suggests that the execution time scales linearly
both in terms of the number of steps and agents. However,
the data indicates a worse than linear time increase when we
increase R. While this might be expected due to the number
of look-ups being proportional to R2, we are pointing this
out to users that want to work with high values of R, since
they can expect increased times for generating datasets. For
details on the exact parameters and procedures used for
generating these figures, we refer the reader to the source
file timing.cpp in the kollagen library.

In general, kollagen has been optimized for readability,
maintainability, and ease of use rather than for speed. This
means that there are several close-at-hand code optimizations
that users with stricter speed requirements can perform.
One such optimization would be to replace the O(logN)
std::map containers with O(1) std::unordered_map
containers. However, since not all std::map containers
in kollagen are holding types that are hashable by default
(such as std::pair), such a change would require either
implementing hashing functions for such types, or to include
the Boost C++ Libraries (https://www.boost.org/)
as a dependency and use the hashing functions they provide.

IV. EXAMPLE DATASETS

In this section, we use the data generator to provide
two example datasets generated with kollagen that can be
used by the community out-of-the-box to evaluate their pose
graph optimization algorithms for collaborative SLAM. We
first describe the datasets and then apply three state-of-the-
art algorithms on these example datasets to showcase that
our generated datasets can be processed by state-of-the-art
algorithms.

Let us now describe the two example datasets that are
provided with this paper and are generated with kollagen.
The first dataset, Multi3500x8, is inspired by M3500
and consists of eight agents, which have 3500 nodes in their
respective factor graphs. Since the agent in M3500 is able to
perform 180◦ turns, we also enable that option for this dataset
(as described below Eq. (1)). In total, the dataset has 67645
constraints, where 39645 out of these constraints are loop
closures. The ground truth trajectories of the eight agents are
shown in Fig. 3(a). The parameter settings used to generate
Multi3500x8 can be found in Multi3500x8.json

The second dataset, Multi10000x5, is inspired by the
M10000 dataset and consists of five agents, which have
10000 nodes in their respective factor graphs. In this dataset,
we disabled the 180◦ turns of the agents such that they can
only turn left and right, or not keep the same direction. This
dataset has a total of 76134 constraints out of which 26134
are loop closure constraints. The ground truth trajectories
of the five agents are shown in Fig. 3(b). We foresee that
the use of this dataset is to evaluate the performance of
collaborative pose graph optimizers for large datasets, e.g.,
one can analyze the speed of the pose graph optimizer. The
parameter settings used to generate Multi10000x5 can be
found in Multi10000x5.json

Next, we will run state-of-the-art algorithms for pose
graph optimization on our two example datasets. The state-
of-the-art algorithms we run our example datasets on are
SE-Sync [4], DPGO [7], and g2o [14]. For SE-Sync we
use the default parameters with chordal initialization and
we let DPGO run for 50 iterations with default parame-
ters. For g2o we initialize with spanning tree and use the
gn_var_cholmod solver with default parameters for 10
iterations. SE-Sync, DPGO, and g2o expect a single .g2o
file as an input. Therefore, we need to concatenate all
agent graphs for both investigated datasets in one .g2o file,
which is handled by kollagen. These .g2o files can then be
directly processed in SE-Sync or g2o. For DPGO, we use
the accompanying MultiRobotExample.cpp.

Since we give the user the option to save the .g2o files
with the correct information matrices and incorrect diagonal
matrices (see Section III-A.5), we use both correct and
incorrect information matrices for the odometry, where the
incorrect matrices are given by I = diag(σ−2

pos, σ
−2
pos, σ

−2
ang).

The loop closures have the correct information matrices
though. We call the case with incorrect diagonal information
matrices Diagonal and the case with the correct informa-
tion matrices Exact. Since the objective functions of the
optimizers typically depend on the information matrices, we
cannot simply compare the optimal values of the objective
values in the two considered cases. To obtain a fair compar-
ison of the pose estimates, we will use the unaligned mean
average pose error (APE) with respect to the translations, as
determined by evo [19], between the ground truth and the
pose estimates.

The results for Multi3500x8 and Multi10000x5 are
shown in Table I and Table II, respectively. First, we note
each of the pose graph optimizers has reduced the mean
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Fig. 2: (a) Execution time VS the number of agents Nagents, for a selection of values of Nsteps; (b) Execution time VS the number of steps Nsteps, for
a selected number of agents Nagents; (c) Execution time VS the size of the radii, for a selected number of steps Nsteps.

(a) (b)

Fig. 3: Ground truth trajectories of (a) the eight agents in Multi3500x8;
(b) the five agents in Multi10000x5.

APE significantly compared to the mean APE obtained from
the odometry estimates. This shows that the state-of-the-art
optimizers have sucessfully used our example datasets to
generate a better estimate of the poses than the odometry.
For SE-Sync and DPGO, we observe that if the diagonal
information matrices are used for the odometry the mean
APE increases compared to using the exact information
matrix, which is an expected outcome. Furthermore, we see
that SE-Sync outperforms DPGO, which is again expected
since SE-Sync is a global solver and we have limited DPGO
to 50 iterations. However, g2o behaves in an interesting way
in the diagonal case. For Multi3500x8, the obtained mean
APE for g2o is even smaller than the one obtained for SE-
Sync and DPGO. While SE-Sync has returned the globally
optimal pose estimates for its objective function, we would
like to point out that g2o solves a different objective value,
which could be one explanation why the estimates of g2o
are closer to the ground truth than the estimates of SE-Sync.
Furthermore, returning the globally optimal solution to an
objective function does not imply that the obtained solution
will be close to the ground truth, since the objective function
is influenced by the noisy measurements, as, e.g., pointed
out in [20]. In the case with the true information matrices,
SE-Sync performs better than g2o, which can be explained
with the fact that SE-Sync now has the correct information
matrices in its objective function such that it will get closer

TABLE I: Results for the mean APE on Multi3500x8

Case g2o DPGO SE-Sync Odometry
Diagonal 0.385161 0.966504 0.733618 14.883697
Exact 0.390065 0.252501 0.212746 14.883697

TABLE II: Results for the mean APE on Multi10000x5

Case g2o DPGO SE-Sync Odometry
Diagonal 1.019478 3.098239 0.791197 17.427713
Exact 1.426272 1.178893 0.446346 17.427713

to the ground truth.

V. CONCLUSIONS

In this paper, we presented kollagen, a collaborative
SLAM pose graph generator. kollagen provides a simple
and intuitive way to generate pose graphs in a collaborative
SLAM setting, which has been lacking so far. Therefore,
it provides the means to generate datasets for collaborative
SLAM pose graph optimizers, which will enhance both
the reproducibility of results as well as the comparison of
different optimizers with high quality datasets.

The current version of kollagen produces a random walk
on a planar grid for a user-specified amount of agents and
also allows the user to specify the number of nodes for
the agents’ pose graphs. The odometry and loop closure
measurements are influenced by normally distributed noise
processes with user-defined covariances, while the probabil-
ity of creating a loop closure can be adjusted by the user.
Finally, we also showcased how state-of-the-art pose graph
optimization algorithms can run on two provided datasets.

There are several possible extensions that could be made
to kollagen. First, the current version produces only planar
pose graphs, where the robot at each time step either moves
straight ahead, left, right, or backwards. A simple extension
for the three dimensional case is to let the robot also move
up and down randomly. This would lead to a similar dataset
as cube but with several agents. Second, the odometry and
loop closure measurements generated are based on normally
distributed noise. One extension could be to use a different
noise distribution to have more realistic measurements, while
another extension could be to modify the code to randomly
introduce outliers.
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