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Abstract

In this work we propose Neuro-Nav, an open-source library for
neurally plausible reinforcement learning (RL). RL is among the
most common modeling frameworks for studying decision mak-
ing, learning, and navigation in biological organisms. In utiliz-
ing RL, cognitive scientists often handcraft environments and
agents to meet the needs of their particular studies. On the
other hand, artificial intelligence researchers often struggle to
find benchmarks for neurally and biologically plausible repre-
sentation and behavior (e.g., in decision making or navigation).
In order to streamline this process across both fields with trans-
parency and reproducibility, Neuro-Nav offers a set of standard-
ized environments and RL algorithms drawn from canonical be-
havioral and neural studies in rodents and humans. We demon-
strate that the toolkit replicates relevant findings from a number
of studies across both cognitive science and RL literatures, and
can furthermore be extended with novel algorithms and envi-
ronments to address future research needs of the field.
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Introduction
Understanding how animals make non-reactive decisions in
their environments remains a longstanding interest of psy-
chologists and neuroscientists alike (Tolman, 1948). Apply-
ing the formalism of reinforcement learning (RL) to decision
making has accelerated the progress in this field within recent
decades (Sutton & Barto, 2018). Indeed, there is neurosci-
entific evidence that various forms of learning in humans and
other animals can be modeled using the formalism of RL, and
thus be described by classical algorithms from the RL litera-
ture (Niv, 2009; Momennejad, 2020).

Progress in this research program is made possible by ab-
stracting the underlying complexity of the real environment-
agent system into an idealized model. This process of ab-
straction is largely non-standardized, and many of the con-
crete implementations of these models are not available in
open-source forms, change when translated from one coding
language to another, or the code has been lost altogether. As
a result, the ability to replicate or build on previous work has
been limited, slowing progress in the field.

In this work, we present Neuro-Nav1, an open-source li-
brary providing a standardized set of benchmark environ-
ments and RL algorithms which can be used to both replicate
previous findings, test the biological plausibility of new mod-
els, and provide scaffolding for future experimental work in the
field. The benchmarks focus on domains that are the basis of
many experimental studies: spatial navigation and associa-
tive learning in 2D mazes (Russek, Momennejad, Botvinick,
Gershman, & Daw, 2017)(Figure 1 Top) and abstract graphs

1https://github.com/awjuliani/neuro-nav

Figure 1: Top: Examples of maze environments. White
square corresponds to agent location. Green square corre-
sponds to goal location. Grey squares correspond to walls.
Bottom: Examples of graph environments. Blue circle cor-
responds to agent location. Green circle corresponds to goal
location.

(Momennejad et al., 2017) (Figure 1 Bottom). In addition,
we provide standardized implementations of classical RL al-
gorithms which can be evaluated using the benchmark envi-
ronments. We provide these all within the context of a docu-
mented and tested open-source repository, which can be used
and developed further by the broader research community.

Neuro-Nav Library
Neuro-Nav is an open source python library consisting of three
components: a set of benchmark environments, a toolkit con-
taining artificial reinforcement learning agents and algorithms,
and a set of interactive notebooks for replicating experimental
findings in the literature.

Benchmark Environments

Neuro-Nav contains of a set of graph and maze navigation
tasks. In both cases, the underlying environment dynam-
ics consists of a graph of ‘state’ nodes connected by ‘action’
edges. The agent occupies one of the nodes in the graph.
The graph may also contain nodes that provide reward upon
the agent occupying them, as well as a goal node, which both
provides a reward as well as terminates the episode. Maze
environments may be seen as a specific class of graph en-
vironments where the structure is mapped to a 2D grid, and
the action space always consists of four actions: movement
in each of the cardinal directions. Both types of environments
are implemented using the OpenAI Gym interface, thus al-
lowing for integration with a wide number of pre-existing open
source RL codebases (Brockman et al., 2016).

For each class of environments, we provide both an API
for defining and interacting with the environment as well as
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a set of pre-defined topographies and tasks, which can be
utilized for evaluation. These tasks are often taken from
existing literature, and serve to aid in the partial or com-
plete replication of various findings from those original pa-
pers. In particular, we draw from tasks defined in the context
of neuroscience (Schapiro, Rogers, Cordova, Turk-Browne, &
Botvinick, 2013; Stachenfeld, Botvinick, & Gershman, 2017),
classical RL (Sutton & Barto, 2018), and cognitive science
(Momennejad et al., 2017; Russek et al., 2017). See Figure 1
for examples of a representative subset of the included maze
and graph topographies.

Algorithms Toolkit

In addition to graph and maze environments, we provide a set
canonical algorithms from the RL literature. We focus on tab-
ular rather than deep learning algorithms, as this has likewise
been the focus of much of the literature at the intersection
of neuroscience and RL (Russek et al., 2017). We include
algorithms implemented either as model-free or model-based
learning algorithms, as well as hybrid algorithms such as Dyna
(Sutton & Barto, 2018). See Table 1 for a description of the
provided agent types.

Algorithm Name Function(s)

TD-Q Q(s,a)
TD-AC V (s), π(a|s)
TD-SR ψ(s,a), ω(s)
Dyna-Q Q(s,a)
Dyna-SR ψ(s,a), ω(s)
Dyna-AC V (s), π(a|s)
MB-V Q(s,a), T (s′|s,a)
MB-SR ψ(s,a), ω(s), Q(s,a), T (s′|s,a)

Table 1: Reinforcement learning algorithms included in the
Neuro-Nav toolkit.

Experimental Results
We validate Neuro-Nav by replicating known results from hu-
man and rodent navigation and decision-making experiments.
In particular, we replicate two classes of results: behavioral,
which compares the observable behavior of biological and ar-
tificial agents, and representational, comparing learned repre-
sentations of biological agents and artificial agents.

In order to validate Neuro-Nav for the replication of behav-
ioral results, we focused on a recent study in the literature,
(Momennejad et al., 2017). In it, agent performance is com-
pared to that of humans in a set of graph navigation tasks,
where aspects of the environments are changed partway dur-
ing learning. We present the results in Figure 2, which are
consistent with those of the original study.

The internal content and structure of information utilized for
decision making is also of interest to many researchers. Here
we focus on two relevant internal representations: place fields
and grid fields. We present Figure 3, which contains exam-

Figure 2: Replication of results from revaluation task de-
scribed in Experiment 1 from (Momennejad et al., 2017).
Higher revaluation score corresponds to greater change in be-
havior after the re-learning phase.

ples of each of these learned from an open field maze envi-
ronment, replicating the results of Stachenfeld et al. (2017).

Figure 3: Top: Values of a selection of units in the ψ(s) func-
tion in a maze environment after learning. Bottom: PCA of
φ(s) function in a maze environment after learning.

Discussion
Here we presented Neuro-Nav, an open-source library for per-
forming learning experiments on decision making and naviga-
tion tasks. With this project, we aim to empower reproducibility
and standardization of evaluation within research in neurally
plausible RL models of navigation and decision making.

The library can be extended in various ways. The first is by
creating novel environment topographies and tasks to evalu-
ate specific navigation, associative learning, or decision mak-
ing experiments. The second is by defining novel observation
spaces for the agents which capture relevant paradigms in the
literature, such as using images as observations in nodes, or
providing Euclidean distance from maze walls (Schapiro et al.,
2013; de Cothi & Barry, 2020). The third is by implement-
ing additional learning algorithms, such as those in the deep
RL literature (Arulkumaran, Deisenroth, Brundage, & Bharath,
2017). While we plan to continue developing the project,
we believe the current version of Neuro-Nav offers a promis-
ing step toward biologically plausible benchmarks, and thus
serves as a potentially significant contributions to the field.
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