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ABSTRACT
The effect of approximation has been well studied in stand-alone
systems. However, the problem of approximation in a collaborative
system has not been studied, to the best of our knowledge. The basic
goal of this article is to study the applicability of approximation in
collaborative SLAM (simultaneous localization and mapping). Our
experiments suggest that it is not trivial to combine multiple standalone approximate results to achieve a collaborative approximation,
i.e., the resultant error can not be bounded without special effort.
Thus, we present a model of the problem and empirically show
that such a model can be used to explain the error variance in a
collaborative system.
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INTRODUCTION

Modern generalized computing systems are over-provisioned for
accuracy, so they spend more than the necessary time and energy
to achieve a łcorrectž output. In recent years, inexact or approximate computing has emerged as an alternative technique to address
resource constraints in embedded systems. The underlying philosophy is to sacrifice a little accuracy from computation and gain in
terms of time or energy or both [3]. There are a variety of applications that are inherently tolerant of approximation, e.g., computer
vision, media processing, machine learning, etc. A comprehensive
study on approximate computing, in both the fields of hardware
and software, can be found in [8, 14].
Simultaneous Localization and Mapping (SLAM) is an application
of immense importance in the area of robotics. Researchers have
explored the idea of collaborative SLAM using a team of low-cost
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mobile robots to reduce complexity of the task. On the other hand,
several research efforts have focused on efficient single-agent SLAM
using approximate computing for map creation, wherein a close
but not-so-accurate map of the terrain is created for localization
efficiently, without draining much energy of the robot. Although,
collaborative robotic systems are becoming increasingly common,
to the best of our knowledge, the effect of approximate computing
in a collaborative SLAM setup has not been investigated in the
literature.
In this work, we propose to approximate the Multi-Robot SLAM
(MR-SLAM) algorithm [7] for a distributed multi-agent scenario. In
this case, multiple robots explore unknown space. Each robot senses
its surroundings using a laser scanner and builds up a partial map
around it. Although the robots work independently, whenever two
of them come within their communication range, they exchange
their partially built maps to generate a more elaborate private view
of the space. This way, the robots build a complete map of the entire
area without exploring it in entirety.
Our main objective is to study the behavior of approximation
on collaborative SLAM and propose techniques for improving the
execution time of collaboration using approximation. We show
that the problem is not as trivial as replicating the single-agent
approximate SLAM routines in a multi-agent setup. One of the main
motivations of this paper is to show that independently created
approximation routines executed inside single robots with promised
benefits, fail to deliver expected performance gains when composed
with similar approximate routines running in their peers. Since the
approximation strategies are computed independently, without
any consideration for collaboration, it is often the case that the
composed map fails to meet the required accuracy. This is the main
motivation and observation of this paper. In general, we observe
that it is often the case that the performance-accuracy trade-off for
a single system may not be directly applicable in a collaborative
system.

2

LITERATURE REVIEW

Robotics system usually operates in an inexactly defined environment with inexactly calibrated hardware. Therefore majority of the
robotics related algorithms are probabilistic in nature, and therefore
inherently approximated [20]. Approximate or in-exact computing
addresses approximation at the implementation level exploiting
hardware as well as software. In-exact hardware, which saves energy but guarantees bounded error of output, have been proposed
in [3]. Compilers, which enable a programmer to exploit the underlying inexact hardware, are also available [10, 15, 16]. Even the
Internet of Things (IoT) paradigm has proposed to used approximation [11, 17]. Systematic surveys on this subject can be read
in [8] and [2] that describe various tools and techniques for applying approximate computing paradigm in various domains and
platforms.
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Figure 1: Control and Data Flow Graph (CDFG) abstraction of a program in stand-alone and collaborative system.

Multi-robot collaborative SLAM has gained a lot of research
interest due to its potential to reduce the map building time significantly [18, 21]. It also reduces energy consumption on individual
robots since each one of them does not require to survey the entire
area. Foster et al. [5] proposed a collaborative monocular SLAM that
is done using multiple resource constrained micro aerial vehicle.
Similarly, Deutsch et al. [4] proposed a real-time SLAM framework,
which is feasible due to collaboration among multiple robots.
Though collaborative SLAM brings overall speedup in the process, combined energy consumption by all the robots is not reduced
by collaboration. Thus techniques such as approximate computing
is also explored in this domain. Recently, Oh et al. [9] presented
an approximate implementation of SLAM with loop perforations
applied to two most computationally costly parts of the code and
demonstrated significant computation and energy gain against negligible change in quality. In a more recent work, Reiter et al. [13]
presented techniques for approximately computing trajectories for
robotics system in real-time; however, their technique is not based
on approximate computing paradigm.

3

MODELING FORMALISMS

Before discussing the approximate collaborative SLAM, first, we
present the underlying model of a SLAM program and how it is
customized to an approximate version. We use the Control and
Data Flow Graph (CDFG) abstraction of a program to model the
underlying computation of a SLAM process. Any program p can
be modeled as a CDFG G = < B,T , b0 >, where B is the set of basic
blocks derived from the program, T is the set of directed edges
denoting possible control transitions from one block to another,
and b0 ∈ B is the initial block from which the control begins when
the program is executed. An execution of p in this model is defined
as a path through this CDFG.
An approximate version of a program p is one in which one or
more lines of code or variable types are approximated, i.e., downsizing the variables to reduce code size and/or cutting down iterations
of a loop to improve timing while ensuring the final program (degraded) output remains within a certain error threshold. Let us
denote the maximum degradation of the output measured as e due
to this modification. We introduce a function f that assigns to each
node in the CDFG, its contribution of error to the output. Thus
the (approximate) model of a program, G, can be expressed as C =

< B,T , b0 , f >, where f : B → ℜ and error is measured as a value
e ∈ ℜ.
Our objective now is to model the composed behavior of a set
of n such approximated programs executing in a set of n independent components. Let these n programs be denoted as p1 , p2 , . . . pn
such that pi drives the i t h component and let us denote C (i) =<
(0)
B (i) ,T (i) , bi , f (i) > to be the corresponding CDFG for pi . The behavior of the composed system can be characterized as the composition of these CDFGs, Cb = C (1) ◦C (2) ◦· · ·◦C (n) . The composition is deb Tb, bb0 , fb >, where B
b = B (1) ×B (2) ×. . .×B (n) .
fined as follows. Cb =< B,
In the composite model, a transition from a composite state bbi to
another bbj exists, iff there is at least one transition from one elemental state in bbi to another elemental state in bbj . We now define
b the
the error model, fb, in this composite model. At any state in B,
error measurement is a composition of the error functions of its
b = f (1) (b (1) ) ⊕ f (2) (b (2) ) ⊕ · · · ⊕ f (n) (b (n) )
elemental states, i.e., fb(b)
kn
k2

 k1
(1) (2)
(n)
b
where bb = b , b , . . . , b
∈ B.
k1

k2

kn

Example: Consider a pair of devices working collaboratively as
a distributed system and both run two instances of the same approximated version of a program. Let the CDFG be C = < B,T , b0 , f >
as depicted in Figure 1(a), where B = {1, 2, 3, 4, 5}, T = {(1,2), (1,3),
(2,4), (3,4), (4,5)}, b0 = 1. The error function f is defined as f (4) = 5
and f (i : i ∈ B\4) = 0. The statements/module corresponding
to the basic block 4 of the program has been approximated and
annotated with the expected error value of 5 from the program.
The implication of this model of an approximated program is that
the expected error in the output of the program is 5%.
For this composite system, we construct a composition of two
instances of the same CDFG as C ◦ C (shown in Figure 1(b)). Let
b Tb, bb0 , fb >, where bb0 = (1, 1). We consider the error
C ◦ C =< B,
composition function as additive, defined as fb(i, j) = e 1 + e 2 , where
f (i) = e 1 and f (j) = e 2 . Error models with other non-trivial semantics have been extensively studied in the literature. In this paper, we
adopt a simple intuitive additive error model to show its effects in
approximate programming. As an example of our model, the error
attribute for the composed state (4, 4) is 10, while the error attribute
of the elemental state 4 in C is defined as 5. The implication of this
composed model is as follows. In the composed CDFG, the state
with the maximum expected error denotes the maximum expected
error of the composed system provided there exists a path to this
state from the initial state of the composed CDFG. In this example
composition, however, all paths are bounded by a 10% total error.
It is not difficult to see that in a distributed system, where n
instances of the same application are running and collaborating,
the expected error in an additive model can often be magnified
n fold, unless the algorithm inherently avoids/compensates error
paths of its collaborating counterparts. In the following section,
we present our experiments on the additive error model on the
composition of the approximate versions of a multi-robot SLAM
algorithm. Through our experiments, we wish to establish that
collaborative approximation, if carried out independently, may lead
to violations of the expected accuracy in the overall application
execution.
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EXPERIMENTAL SETUP AND RESULTS

1 https://github.com/mtlazaro/cg_mrslam
2 http://playerstage.sourceforge.net/

2 Robot Collaboration
2.6
Computation Speedup (x)

We use the MR-SLAM algorithm [7] available in GitHub1 as a ROSpackage [12] that runs on the stage simulator2 . Multiple robots
can be simulated as different processes. Each simulated robot can
be supplied with scan data that simulates its laser scan in a given
space. The scan data is also available along with the ROS-package.
Our simulation setup uses ROS Indigo running on an Intel® Core™
i5-6500T single-core CPU running at 2.50GHz clock, with 6MB
cache and 4GB memory.
Approximation targets. Experimentation with approximate
computing requires ś identifying the target locations for approximation within code and the extent of approximation. These two related
aspects can be defined as an optimization problem in terms of the accuracy of the system. The problem is known to be intractable [14]. In
these experiments, we target the part of the code that is most expensive and related to collaboration among robots. The code is profiled
for execution time with Valgrind [1]. From the profiled data, we identify the following set of functions that have high computational resource consumption and therefore are good candidates for approximation: closeScanMatching(), greedySearch(), hierarchicalSearch(), addNeighboringVertices(), and findConstraints().
The closeScanMatching() function is used to find common areas among the previously scanned areas and the current scan by
the same robot and provides alignment information to merge two
scanned areas. The function is re-used when the robot receives
scanned data from another in the vicinity and merges the partial
maps constructed by the pair. Function greedySearch() is used to
match scans based on some features of the scanned data and make
the scan matching process faster. Function hierarchicalSearch()
is used in the map merging process and performs on the graphbased model of the map. Function addNeighboringVertices() is
used for inserting a node in the graph model of the area based on the
scanned data. Function findConstraints() determines whether
a scan has any potential to be close to another scan data. This is
used as an entry-level filter for the scan matching function.
We employ the loop perforation technique [19] to infuse inexactness in code. In our experiments, the top-most loop of the
aforementioned functions is perforated in several perforation ratios
(number of times the loop runs in the approximated code versus
the original one) and they are 0.2, 0.25, 0.33, 0.5, 0.6, 0.75, and 0.8.
During experiments, two or more robots are simulated with the
objective that they explore the space simultaneously and collaboratively to build a composite map of the region. We report the amount
of savings in terms of computation along with the error in the map
image generated by the individual robots. The error is calculated as
the image difference against the one generated by the exact version.
The image difference is calculated by the method of Jaccard’s similarity measure [6], which is a statistical measure of (dis)similarity
between sample sets. In the context of image (dis)similarity, the
measure is the fraction of the image that is (dis)similar with respect
to the basis image.
Approximation results. First, we experiment with two robot
collaborative setup. Both the exact and the approximate versions
of MR-SLAM are used for guiding the robot in the space one after
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Figure 2: Approximation profile for perforation in a single function
in a 2-robot system.

(a) exact MR-SLAM

(b) approximate MR-SLAM

Figure 3: Approximate maps generated in the 2-robot system.

another. The approximation of the application is achieved by perforating the top-most loop in different degrees as detailed above. In
this experiment, we only perforate one function at a time. Figure 2(a)
shows the speedup obtained for perforations for each function. As
expected, as the perforation amount increases, the code runs faster.
Figure 2(b) shows the compromise in quality in terms of the error
in the map generated by the robots. The result follows the expected
trend that both speed-up and error increase as the perforation ratio
increases. Figure 2(a) shows that the function greedySearch() is
the most effective for approximation and shows a consistent behaviour with varying perforation. The error-performance profile
of the function in Figure 2(b) also shows consistent behavior. The
approximation of this function produces a higher speedup with
lower error as compared to any other function examined in this
experiment.
Figure 3(b) depicts the approximate version of the map in contrast to the map generated by the exact version of the application
(Figure 3(a)), where the function greedySearch() has been perforated with perforation ratio of 0.5. The approximate version results
in a 2x speed-up in this case. By the similarity measure, the error
is below 10% for all the generated maps. In the corridor area, the
generated maps are slightly curved due to imperfection in estimating the location and pose by the individual robots and imperfection
in the alignment of the maps during map-merging. Naturally, the
effect is magnified in the map generated by the approximate version.
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Figure 4: Degradation patterns of output.

However, these imperfections do not impart any overwhelming
distorting effect. The basic structure of the obstacles, as captured,
is the same in both the exact and approximate versions. Moreover,
the SLAM algorithm is inherently robust against minor errors from
sensor data and its perception about the organization of the space.
Further, we experiment with the collaborative setup of more
number of robots (4 and 8). Since a higher number of agents in collaboration implies higher communication overhead and we apply
approximation in computation alone, the overall speed-up factor
decreases with respect to the total run-time. Result shows, the
greedySearch() function is still effective as an approximation target. However, the overall error in the map increases in comparison
with the two-robot system in both the cases, which is expected from
the program composition model described in Section 3. Figure 4(a)
shows the pattern of degradation of output as increasing number of
robots participate in the collaboration. Each curve represents one
perforation ratio (PR) induced in the function greedySearch().
This figure shows the shape of the error composition function ( fb).
The composition function in this case, although is not strictly linear, but is very close to one. At-least at perforation ratio of 0.5 the
error composition seems to behave linearly. Figure 4(b) shows error
variation when a fraction of the robots are approximated (function
greedySearch() by PR = 0.5), while the other robots run an exact
version of the application. As the number of robots, running an
inexact version of the SLAM code, increases in the fleet, the amount
of error infused in the collaborative map increases, which by our
model is expected to increase. This figure also presents an idea of
error composition function and can be approximated to be a linear
function.

5

model for approximation in the collaborative system. Our experiments uphold the model and show that the approximation error
increases as the number of collaborators increases in the system.
Also, there are some specific execution paths in which the error
magnifies. To avoid such paths, in order to reduce error in the overall outcome, the agents in the system need to coordinate and hence
communicate more. Since communication cost for mobile robots
is significantly less than the motion cost, this would not impact
negatively on the overall efficiency of the system. Our future work
includes modeling such interaction and optimizing the trade-off between communication and error in the outcome of the collaborative
system.

CONCLUSION AND FUTURE WORK

We study the behavior of approximate computing on the MR-SLAM
algorithm in the context of the multi-robot system. We present a
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