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Abstract
Spatial understanding is a crucial cognitive component in all agents acting in 3D physical
space, including people and robots. We investigate the Tolman-Eichenbaum Machine (TEM)
for use in biologically inspired Simultaneous Localization and Mapping (SLAM) in robots.
Establishing the preliminary context of neuroscience, we provide an approachable overview to
the model and its capabilities. We compare it to other approaches used in previous bio-inspired
SLAM systems and address their limitations. We summarize advantages and limitations of
TEM and briefly outline our future work regarding its use in cognitive robotics.

Biological Preliminaries
The hippocampus and entorhinal cortex
(EC) are fundamental to forming cognitive
maps in biological agents. Grid cells are
present mostly in EC act as a hexagonal po-
sitioning system, while place cells in the hip-
pocampus fire at specific locations. [2]

Figure 1: Grid and place cell firing patterns.

Emergent Cell Types
The TEM architecture leads to the emer-
gence of diverse cell types empirically similar
to those found in rodents, including object
vector cells, landmark cells, and boundary
cells. This makes TEM a promising candi-
date in bio-inspired SLAM modeling.

Figure 2: TEM cells compared to real biologi-
cal data.

Previous Bio-inspired SLAM
The main challenge with SLAM has always been the spatio-temporal complexity of the environ-
ment. Current visual SLAM methods fail to achieve real-time performance [5] and leveraging
semantic information to develop semantic SLAM remains an active area of research [3].

Existing models like RatSLAM [1] and ViTa-SLAM [4] emulate hippocampal processes
using bio-inspired architecture. RatSLAM utilizes a competitive network of “pose cells” merg-
ing position and orientation, while ViTa-SLAM employs a 3D Continuous Attractor Network
to emulate grid cells using visuo-tactile fusion via biomimetic whiskers.

Both models are simplified abstractions that lack distinct biological cell populations. Key
drawbacks include high computational costs for large networks, accumulated path integration
drift, and a reliance on non-standard sensors, often prioritizing topological consistency over
metric accuracy.

The Tolman-Eichenbaum Machine
The Tolman-Eichenbaum Machine (TEM) [6] is a unifying mechanistic framework for the
hippocampal role in spatial and non-spatial tasks modeled as a graph where nodes are arbitrary
sensory information and edges are transitions between them.

Figure 3: Examples of graph tasks in space and non-space.

TEM’s grid cells learn the structure of the environment during training beforehand. During
operation, an agent is placed on the environment graph and TEM, running separately, receives
the agent’s edge transitions and sensory information from each visited node. On each time
step, TEM stores its representation of input sensory information (“what”) in conjunction with
its location representation (“where”) inside its auto-associative network. This allows the future
retrieval of “what” upon providing “where” (and vice versa) via attractor mechanics. TEM
predicts the next “what” by inferring the next “where” from the desired edge transition, then
retrieving the missing “what” of the conjunction with “where” using attractor mechanics.

Limitations & Future Work
To become a viable SLAM solution, TEM
must overcome several challenges:

Continuous Space: Moving from discrete
graphs to continuous 3D Euclidean space.

High-Dimensional Input: Integrating
with visual encoders to process complex
robotic sensory data (e.g., raw pixels,
tactile feedback).

Computation: Addressing the high de-
mands of iterative attractor networks for
real-time performance.

In the future, we plan to implement TEM
on the NICO humanoid robot, testing its
mapping capabilities in simulated 3D en-
vironments and comparing its performance
against state-of-the-art SLAM systems.
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