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Abstract

Autonomous agents rely on the SLAM algorithm to establish the relationship
between itself and the surrounding environments. Even though several existing
SLAM algorithms are proposed for various scenarios, they are either offline or
inefficient with the number of landmarks. Regarding the nature of streaming data
and state dependency, we model the SLAM problem as a hidden Markov model,
and apply the online EM algorithm to solve it. The first attempt of online EM
provides an online and efficient framework, but the performance is sensitive to the
parameter choice. We look forward to the variants of the online EM algorithm to
mitigate this problem. After all, an efficient and online SLAM algorithm ensures
the spatial autonomy of an agent, and also serves the basis for those Markov
decision process based control and learning frameworks.

1 Introduction

The ability of simultaneous localization and mapping (SLAM) has long been regarded as the central
pieces of autonomous agents. Those agents rely on SLAM to reason the external environment, and
establish the relationship between the self and the surrounding environment. Due to its importance,
the SLAM problem has been studied in the robotics and AI community for over 30 years.

Based on the underlying methods, the SLAM algorithms are commonly classified into two categories:
the filtering-based SLAM and the optimization-based SLAM. In general, the filtering-based algorithms
are online, in which the algorithm can process the incoming data without storing the historical data.
But the filtering-based algorithms with exact update normally do not have good scalibility with the
number of landmarks. In particular, the complexity of the EKF SLAM scales cubically with the
number of landmarks. On the other hand, the optimization-based algorithms are relatively efficient
when the number of landmarks is large. However, all optimization-based algorithms are offline,
which can not process the incoming information on the fly but require memory to store the entire
data. As these two categories have its own attributes, a SLAM algorithm that are both efficient and
online remains absent.

In order to build an efficient and online SLAM algorithm, we cast the SLAM algorithm as an inference
problem over a hidden Markov model (HMM). Typically, the inference problem is solved by the EM
algorithm. Since the vanilla EM algorithm is offline, the efficient and online SLAM algorithm can
be constructed only if there is an online EM algorithm. As the focus on the streaming data scenario
increases, online EM algorithms are proposed but are mostly limited in the i.i.d. case (1). The online
EM algorithms for HMMs have been proposed in (2) and (3), but those algorithms remain theoretical
tool without application on the real-world SLAM problem. In the following, we layout our attempts
to achieve efficient and online SLAM solution with online EM algorithm.
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(a) The landmark estimation error
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(b) The localization error

Figure 1: The landmark estimation and the localization errors of the online EM SLAM algorithm (2).

2 SLAM based on Online EM

We succinctly setup the system model here. The robot pose at time t is represented as St. While the
robot can not access the state St directly, it can only access the state with the observation Ot:

Ot = h(St, λ) + Vt, (1)
where λ signifies the unknown landmark position. The log-likelihood function of the trajectory is

log pS0:n,O1:n(s0:n, o1:n;λ) = log pS0(s0) +

n∑
t=1

log pSt,Ot|St−1
(st, ot|st−1;λ). (2)

Given observation O1:n = o1:n, the maximum likelihood estimate of λ can be obtained by the EM
algorithm, and therefore constructs the map. In terms of the localization part, the state of the robot
can then be recovered by the Kalman filter.

Instead of using the conventional offline EM algorithm, we apply the online EM algorithm for HMMs
in (2). The performance of this algorithm is presented in Fig. 1. Even though we can achieve the
SLAM in an online and efficient manner, the results show that the performance highly relies on
the parameter tuning. We expect more robust result with the algorithm from (3). However, other
implementation issues need to be taken into account since the algorithm from (3) requires a block
online structure where the block size increases with the time.

3 Conclusions and Outlooks

By formulating the SLAM problem as an inference task over HMMs, the SLAM algorithm can be
efficient and online, which requires far less computation cost and less memory. While there are some
plausible theoretical tools, the implementation issues in the real-world SLAM problem have yet
been considered. We look forward to next-generation SLAM algorithms enabled by the online EM
algorithms. Besides the computation benefits of the envisioned SLAM algorithms, by retaining the
Markov chain structure, this SLAM algorithm can be easily integrated with other control or learning
algorithms, which usually admit a Markov decision process (MDP) formulation. In other words, the
EM-based SLAM algorithms also provides the seamless basis for the artificial intelligence.
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