1

THE ROLE OF PATH INTEGRATION ON NEURAL ACTIVITY IN
HIPPOCAMPUS AND MEDIAL ENTORHINAL CORTEX
by
Zaneta Navratilova

A Dissertation Submitted to the Faculty of the
GRADUATE INTERDISCIPLINARY PROGRAM IN NEUROSCIENCE
In Partial Fulfilment of the Requirements
For the Degree of
DOCTOR OF PHILOSOPHY
WITH A MAJOR IN NEUROSCIENCE
In the Graduate College
THE UNIVERSITY OF ARIZONA

2012

2

THE UNIVERSITY OF ARIZONA
GRADUATE COLLEGE
As members of the Dissertation Committee, we certify that we have read the
dissertation
prepared by Zaneta Navratilova
entitled Role of path integration on neural activity in hippocampus and medial
entorhinal cortex
and recommend that it be accepted as fulfilling the dissertation requirement for
the
Degree of Doctor of Philosophy
_______________________________________________________________________

Date: 5/07/2012

Bruce McNaughton
_______________________________________________________________________

Date: 5/07/2012

Katalin Gothard
_______________________________________________________________________

Date: 5/07/2012

Andrew Fuglevand
_______________________________________________________________________

Date: 5/07/2012

Konrad Zinsmaier
_______________________________________________________________________

Date:

Final approval and acceptance of this dissertation is contingent upon the
candidate’s submission of the final copies of the dissertation to the Graduate
College.
I hereby certify that I have read this dissertation prepared under my direction and
recommend that it be accepted as fulfilling the dissertation requirement.

________________________________________________ Date: 5/07/2012
Dissertation Director: Bruce McNaughton

3

STATEMENT BY AUTHOR
This dissertation has been submitted in partial fulfillment of requirements for an advanced
degree at the University of Arizona and is deposited in the University Library to be made
available to borrowers under rules of the Library.
Brief quotations from this dissertation are allowable without special permission, provided that
accurate acknowledgment of source is made. Requests for permission for extended quotation
from or reproduction of this manuscript in whole or in part may be granted by the head of the
major department or the Dean of the Graduate College when in his or her judgment the
proposed use of the material is in the interests of scholarship. In all other instances, however,
permission must be obtained from the author.

SIGNED: Zaneta Navratilova

4
Acknowledgements
I would like to thank my advisor, Bruce McNaughton, for providing me with the great
opportunities I have had working in his lab, for giving me the freedom to pursue my own path, and
for the direction he provided when I got lost in the details. His confidence in me has given me
strength throughout.
Secondly, I would like to thank my committee, Katalin Gothard, Andrew Fuglevand, Konrad
Zinsmaier, and Lynn Nadel, for their advice, encouragement, and patience.
The projects described here were done in collaboration with other scientists, who have also
contributed to my education. Jean-Marc Fellous first introduced me to computational modeling and
helped with the initial implementation of the grid cell phase precession model. The work of Lisa
Giocomo and Michael Hasselmo inspired the addition of the H-current into the model grid cells, and
they reanalyzed their data to support our implementation, thus contributing to the publication and
the realism of the model. I was also helped significantly in my modeling efforts by the feedback I
received at the CNS conference in Portland in 2008 (especially from Michiel Remme), and the
knowledge I gained at the Computational Neuroscience course in Wood’s Hole the same summer.
Lan Hoang and Jose Valdes collected the initial data that lead to the place cell directionality
project, and I learned a lot from them and their work on the experiment. Working with Masami
Tatsuno on collecting data for the next phase of that project was very pleasant, and I picked up many
mathematical and analysis tools from him. When I started analysing this data for a new finding, they
all patiently let me set aside the original analysis and follow up on the directionality effect. Masami
and Daniela Schwindel were helpful in discussions of this new analysis, and Daniela contributed new
data to strengthen the finding. I thank Carol Barnes and her lab members for continued access to
resources when our laboratory was transitioning to Lethbridge. Peter Lipa was helpful with analysis
code, and technical help is acknowledged in the experimental chapter.
All my friends and lab mates at NSMA were crucial in my early scientific development. Sara
Burke’s mentorship was my inspiration for entering this field, and her support and friendship were
indispensible during the start of my graduate career. The conversations I had with Drew Maurer
were formative and inspirational to my modeling work. The friendship of Lan Hoang, Alex Thome,
and James Lister supported me through the transition to Lethbridge. These friends, as well as Marsha
Penner, guided me through the experiences of grad school, academic and not. Alex Thome and James
Lister were especially helpful during the last phase of my dissertation writing, especially in listening
to my defense in the rough stages.
I was pretty anxious about the move to Lethbridge, but it turned out to be a great life
experience, especially thanks to the warm environment at the CCBN and receptiveness of many new
friends. The transition wouldn’t have been nearly as easy without the close friendship of Daniela
Schwindel, my lab mate, officemate, and climbing partner. I grew as a scientist through discussions
with my new fellow students, Jeanne Xie, Wing Li Witharana, Charlotte Alme and post-docs Corinne
Montes and Andrea Gomez Palacio Schjetnan, among others. Keith Godfrey joined the lab when I was
finished with the modeling project, but modeling discussions with him have been very influential and
inspirational to my current thinking about grid cells. I thank him for his encouraging comments on
my ideas and reading of a draft of this thesis.
I’d like to thank Jonathan Horst for being an extremely supportive friend through some of
my hardest times in grad school.
My close friends and climbing partners, Daniela Schwindel, Jeanne Xie, Jonathan Sheppard,
Luke Booker and Tom Rutherford, you all are my rock and life saver in many ways.
My family, especially my mother and late grandfather, are my inspiration in science as well
as life, and I wouldn’t be anywhere without the support of my mother and sister, even just in the last
6 years.

5

TABLE OF CONTENTS
LIST OF FIGURES........................................................................................................... 8
LIST OF TABLES ............................................................................................................ 9
ABSTRACT .................................................................................................................... 10
CHAPTER 1: INTRODUCTION ................................................................................ 12
1.1 The hippocampus..................................................................................................................... 12
1.2 Navigation ................................................................................................................................... 15
1.3 Anatomy and physiology of the hippocampal complex ............................................ 26
1.4 Activity in the human hippocampus ................................................................................. 40

CHAPTER 2: ATTRACTOR MODELS OF HIPPOCAMPAL NETWORKS ....... 44
2.1 Attractors .................................................................................................................................... 44
2.2 Continuous attractor models of self-motion integration.......................................... 45
2.3 Evidence for attractor dynamics in the hippocampus ............................................... 49
2.4 Oscillator interference models ........................................................................................... 56
2.5 Network phase precession model ..................................................................................... 61

CHAPTER 3: ATTRACTOR NETWORK MODEL OF GRID CELL PHASE
PRECESSION ................................................................................................................ 65
3.1 Preface .......................................................................................................................................... 65
3.2 Abstract ........................................................................................................................................ 65
3.3 Introduction ............................................................................................................................... 66
3.4 Results .......................................................................................................................................... 77

3.4.1 Simulations ......................................................................................................................... 77
3.4.2 Analysis of ADP timing in MEC stellate cells ......................................................... 94
3.5 Discussion ................................................................................................................................... 97
3.6 Methods ..................................................................................................................................... 109

3.6.1 Simulations ....................................................................................................................... 109
3.6.2 Slice Physiology .............................................................................................................. 115

6

TABLE OF CONTENTS - Continued
3.7 Supplementary Background .............................................................................................. 117
3.8 Epilogue ..................................................................................................................................... 119

CHAPTER 4: THE HIPPOCAMPUS: COMBINING SELF-MOTION
INTEGRATION AND LANDMARK INFORMATION ......................................... 123
4.1 Combining MEC inputs ........................................................................................................ 123
4.2 LEC inputs ................................................................................................................................. 124
4.3 Sensory inputs......................................................................................................................... 125
4.4 Behavioral variables ............................................................................................................. 133

CHAPTER 5: DEVELOPMENT OF DIRECTIONAL FIRING IN CORNU
AMMONIS PLACE CELLS ........................................................................................ 135
5.1 Preface ........................................................................................................................................ 135
5.2 Abstract ...................................................................................................................................... 135
5.3 Introduction ............................................................................................................................. 136
5.4 Methods ..................................................................................................................................... 140

5.4.1. Subjects. ............................................................................................................................ 140
5.4.2. ‘Hyperdrive’ assembly and implant. ...................................................................... 140
5.4.3. Recording procedures. ................................................................................................ 141
5.4.4. Pre-training and behavioral tasks. ......................................................................... 143
5.4.5. Spike sorting. .................................................................................................................. 145
5.4.6. Position Tracking. ......................................................................................................... 145
5.4.7. Field analysis. ................................................................................................................. 146
5.4.8. Directionality index. ..................................................................................................... 148
5.5 Results ........................................................................................................................................ 151
5.6 Discussion ................................................................................................................................. 166

CHAPTER 6: LEARNING AT HIPPPOCAMPAL SYNAPSES ........................... 175
6.1 Introduction ............................................................................................................................. 175
6.2 Changes in the hippocampus during novelty .............................................................. 176

7

TABLE OF CONTENTS - Continued
6.3 Theories of place field changes ......................................................................................... 182
6.4 Conclusion ................................................................................................................................ 188

REFERENCES ............................................................................................................. 191

8

LIST OF FIGURES
Figure 1. 1: Ramon y Cajal's 1911 "Drawing of the neural circuitry of the rodent
hippocampus” ....................................................................................................................................... 13
Figure 1. 2: Transverse and longitudinal axes of the hippocampus ................................ 29
Figure 1. 3: Hippocampal input/output pathways ................................................................. 38
Figure 3. 1: Toroidal attractor model and implementation of synaptic connections in
simulations. ............................................................................................................................................ 69
Figure 3. 2: Tsodyks et al. (1996) model of phase precession ........................................... 75
Figure 3. 3: Grid and conjunctive cell network simulation.................................................. 79
Figure 3. 4: Variation of after-spike conductance time constants in grid network
simulations ............................................................................................................................................. 84
Figure 3. 5: Variation of NMDA time constants in grid network simulations .............. 86
Figure 3. 6: Heterogeneous mAHP and NMDA time constants within grid network
modules ................................................................................................................................................... 88
Figure 3. 7: Variation of head-direction input in grid network simulations ................ 90
Figure 3. 8: Afterhyperpolarization in stellate cells along dorso-ventral axis of the
MEC ........................................................................................................................................................... 95
Figure 5. 1: Assigning boundaries around fields ................................................................... 148
Figure 5. 2: Development of directionality on a circular track ........................................ 151
Figure 5. 3: Examples of firing rate changes in individual cells on day 1 .................... 153
Figure 5. 4: Control analyses ......................................................................................................... 155
Figure 5. 5: Remapping in individual fields ............................................................................. 160
Figure 5. 6: Local cues and the development of directionality ........................................ 162
Figure 5. 7: Directionality in an open field............................................................................... 165

9

LIST OF TABLES
Table 3. 1: Synaptic weight parameters ...................................................................................... 82
Table 5. 1: Statistics of each session analyzed ........................................................................ 150

10

ABSTRACT

This thesis explores the role of path integration on the firing of hippocampal
place cells and medial entorhinal grid cells. Grid cells fire at equidistant locations in
an environment, indicating that they keep track of the distance and direction an
animal has moved in an environment. One class of model of path integration uses a
continuous attractor network to update position information. The first part of this
thesis showed that such a network can generate a “look-ahead” of neural activity
that sweeps through the positions just visited and about to be visited, on the short
time scale that is observed in vivo. Adding intrinsic currents to the neurons in the
network model allowed this look-ahead to recur every theta cycle, and generate grid
fields of a size comparable to data. Grid cells are a major input the hippocampus,
and are hypothesized to be the source of the place specificity of place cells. When an
animal explores an open environment, place cells are active in a particular location
regardless of the direction in which the animal travels through it. While performing
a specific task, such as visiting specific locations in the environment in sequence,
however, most place cells are active only in one direction. The second part of this
thesis studied the development of this directionality. It was determined that upon
the initial appearance of place fields in a novel environment, place cells fired in all
directions, supporting the hypothesis that the path integration is the primary
determinant of place specificity. The directionality of place fields developed
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gradually, possibly as a result of learning. Ideas about how this directionality could
develop are explored.
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CHAPTER 1: INTRODUCTION
1.1 The hippocampus
The hippocampus in humans is a seahorse-shaped structure in the middle of
the temporal lobe. It shows some similarities to the outer layer of brain, the cortex,
such as a layered organization. The hippocampus, or archi-cortex, evolved earlier,
and only has three layers, compared to the six of the neocortex. Initial interest in the
hippocampus lay in its striking architecture, which made it relatively easy to study
its connectivity (e.g. Golgi 1886; Cajal 1911; Figure 1.1) and the electrical activity in
brain slices (e.g. Yamamoto and Kawai 1967). Intense study of the hippocampus
continued when it was discovered that it has an important role in long-term
memory formation. Patient HM, who had a bilateral hippocampus resection showed
a profound deficit in forming new memories (Scoville and Milner 1957). Long-term
potentiation (LTP) was initially discovered at hippocampal synapses, (Bliss and
Lomo 1973). When Dostrovsky and O’Keefe (1971) discovered that the main
correlate of the firing of hippocampal principal cells was location in space, however,
it became clear that exploration and navigation of space was an important aspect of
hippocampal function. Since then, hippocampal pyramidal cells have been called
“place cells,” and the location in which they fire is called the cell’s “place field.” As a
result of this finding, a new hypothesis about the function of the hippocampus was
formulated: the hippocampus is not just a memory system, it is a spatial memory
system, which stores a “cognitive map” of the environment in allocentric
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coordinates (coordinates centered on the environment, not moving with the
animal), allowing the animal to navigate flexibly (O’Keefe and Nadel 1978).

Figure 1. 1: Ramon y Cajal's 1911 "Drawing of the neural circuitry of the rodent hippocampus”

The two functions of episodic memory and spatial navigation do not
immediately appear to be compatible, but O’Keefe and Nadel (1978) argued that
there is an important reason why space is fundamental to all experiences: all
experiences occur in a specific location. No single memory is devoid of a location,
nor can it occur in two locations. This cannot be said of any other aspect of a
memory, other than time. Therefore, location can act as the cue to recall any
memory, and can be used by the brain to tie all other elements of a memory
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together. Location can be a more useful cue than time, especially for non-human
animals, because similar events tend to occur at the same locations, and therefore
locations can lump memories together in a useful way, and trigger recall of
memories that are likely to be useful in current behavior. (Time never recurs, and
thus makes a good cue for recall mainly for humans, who have language). Many
studies show that spatial context aids in the recall of many types of memory in rats
as well as in humans (reviewed in Nadel and Willner 1980; e.g. Hupbach et al.
2008). Storage of memories by linking each aspect of an event to a “place code” is
then useful for navigation to find desired items, memory to identify familiar and
novel locations and changes at familiar locations, as well as simply recalling the
unique combination of elements that form the memory of a particular event
(episodic memory). In some animals, such as rats, the navigation aspects of this
memory system may be more important, while in social species, such as humans, the
episodic memory aspect may have evolved to a higher ability, and thus may play a
larger role in hippocampal processing. Our approach to studying the hippocampus
was to study the formation of the place code, which is hypothesized to be the basis
of this memory system. Understanding the formation of the place code, and the role
it plays in rats’ behavior and memory, can lead to better understanding of the
memory system in all species.
Specifically, this thesis stems from the hypothesis that path integration, the
process of adding up the direction and distance an animal has moved to keep track

15
of its position, is crucial in forming the place code (O'Keefe 1976; McNaughton et al.
1996). I explored the role of path integration on the activity of neurons in the
hippocampal complex. The first study extended an existing model that shows how
path integration can be accomplished with a neural network. My collaborators and I
suggested that such a neural network exists in a brain region that projects to the
hippocampus, and accounted for the temporal firing properties of the neurons there
by modeling currents known to exist in the those cells. Following the presentation of
the model, I discuss how this path integration signal could be combined with other
information in the hippocampus. In a second experiment, along with my
collaborators I discovered that during the first passes through a place field on a
narrow track, place cells fire in both directions, but subsequently, the cells change
their firing rates in each direction, and fire preferentially in one direction. My
advisor and I proposed that as sensory and behavioral cues become linked to the
firing of place cells, they in fact modify the firing itself. How and which types of cues
influence the firing of place cells is yet to be determined, and I discuss some
possibilities in the final chapter.

1.2 Navigation
There are many different ways in which to solve a navigation problem. Given
that navigation is highly important to the survival of mammals (as well as other
animals) it is likely that they use multiple navigation systems. There are fairly
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simple methods of remembering how to approach a desired location: an animal can
approach a cue that is present directly at the location, or follow a specific motor
behavior plan, possibly including cue associations along the route (called “taxon
systems” by O’Keefe and Nadel). More complex navigation methods include:
triangulation based on distance and angle between two landmarks (O'Keefe 1990);
landmark vector navigation, in which the animal remembers a location based on the
distance and compass (allocentric) direction away from a landmark (McNaughton et
al. 1991); continuous updating of a vector back to a location, based on self-motion
away from that location (Jander 1957; Etienne 1992; Alyan 1996); and map-based
navigation, which requires the storage of landmark and location information in an
allocentric reference frame (map) and knowledge of the animal’s coordinate in such
a map (O'Keefe 1976; Etienne et al. 1996; Touretzky and Redish 1996). The Morris
water maze (Morris et al. 1982) is a behavioral test that is often used to test rats’
navigation ability, and relies on many of these navigation methods, but especially on
map-based navigation (see below). This test involves a tank of opaque water, which
contains a platform submerged just under the surface of the water (and thus not
visible) in a specific location in the tank. The rat is placed in the tank and has to
swim in search of the platform. Over several trials (typically 6 trials per day for 4
days), during which the rat is placed in the tank from different start locations, it
learns the location of the platform, and can eventually swim directly to it. Variations
of this procedure have been used to dissect the influence of different navigation
methods on solving this task, and the brain regions required.
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Cue-based location finding is computationally the easiest method, but also
the most limited: it only works when a single cue reliably marks the desired location
and no other place, and only while that cue is visible from the start location (for
example when the platform in the water maze is raised above the surface of the
water). This method’s simplicity, however, ensures that it is used whenever
available to the animal. A more complex stimulus-response strategy can also be used
to follow a learned path to the goal (for example when the rat is placed in the water
maze in the same start location each time). Stimulus-response associations, such as
these, are learned and stored in the dorsal striatum (Packard et al. 1989; McDonald
and White 1994). Other procedural aspects of successfully navigating the water
maze, such as avoiding the walls of the maze also require the striatum (Devan et al.
1996). In accordance with these behavioral data, the striatum has been shown to
develop place-related responses when solving a navigation task (e.g. Wiener 1993).
In addition to the striatum, the amygdala has been shown to participate in
associations of stimuli to rewards or punishments (classical conditioning), which
can also guide navigation, by enhancing approach or avoidance behaviors. For
example, the amygdala is required for conditioned cue preference which leads to
more time spent in a location near the rewarded cue (McDonald and White 1993).
When discrimination between nearby locations is required, however, neither the
striatum, nor the amygdala can guide correct navigation in the absence of the
hippocampus (McDonald and White 1995). This is thought to be because the cues
present at nearby locations overlap, and thus no single cue can be used to
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discriminate those locations. A comparison of the relative distances to multiple cues,
or a map, is required, and this requires the hippocampus (O’Keefe and Nadel 1978).
Navigation based on triangulation relies on the presence of two reliable
landmarks visible from a goal location, the ability to see those two landmarks from a
start location, and the ability to calculate the angles and distances to them. O’Keefe
(1990) proposed a model that would relate position to the location of all of the
landmarks in the environment. McNaughton and colleagues (1991) suggested that it
is unlikely that this information is stored for each available landmark, because, as
each landmark must be related to each other landmark, the information stored
either increases as the square of the number of landmarks, or has to be recalculated
with each new landmark added,

Collet et al. (1986) demonstrated that the

relationships between prominent nearby landmarks are used to locate a goal.
Touretzky and Redish (1996) included information about landmark relationships in
their model of navigation, and suggested that this information would be used to
reorient an animal when compass information is lost. Neural activity that would
support the calculations required for triangulation in the absence of compass
information has not yet been explicitly observed in the rat brain, and it is unclear
where such a computation would take place, though resetting of compass
information may depend on the retrosplenial and visual cortices (see below).
Having compass (i.e. head-orientation relative to an allocentric reference)
information is clearly beneficial to navigation, and, in principle, easily obtained by a
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double integration of head rotational acceleration signals which are tracked by the
semi-circular inner ear cannals (Mittelstaedt and Mittelstaedt 1980). In agreement
with how important this information is to animal behavior, neurons that fire when
an animal is facing a particular direction are present in many areas of the brain. The
so-called “head-direction cells” have been observed in the dorsal pre-subiculum
(also called postsubiculum; Ranck 1984; Taube et al. 1990), antero-dorsal thalamus
(Taube 1995), lateral dorsal thalamus (Mizumori and Williams 1993), lateral
mammillary nuclei (Stackman and Taube 1998), medial entorhinal cortex (Sargolini
et al. 2006), retrosplenial cortex (Chen et al. 1994; Cho and Sharp 2001), posterior
parietal cortex (Chen et al. 1994) and even dorsal striatum (Wiener 1993; Mizumori
et al. 2000). These cells fire at all locations, and continue firing at their preferred
head orientation when the animal actively moves in light or dark conditions, and
when it is rotated passively in light or darkness. The orientation of head direction
cells can also be reset by movement of a polarizing cue in a familiar environment.
The orientation of head direction cell firing is thought to be updated by integrating
the vestibular input from the dorsal tegmental nucleus in the lateral mammillary
nuclei, and its resetting by landmarks depends on the connections from visual and
retrosplenial cortices to the post-subiculum (reviewed in Taube 2007). Using this
compass information along with knowledge of the direction and distance of a single
landmark to a goal is computationally fairly simple, requiring vector addition of the
current distance and angle to the landmark and the goal’s distance from that
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landmark (McNaughton et al. 1991). Rats are able to find a goal based on such
information without an intact hippocampus (Pearce et al. 1998).
The continuous updating of position by monitoring translational and
rotational information is called “path integration.” The integration of self-motion
information could potentially be used to calculate two different pieces of
information: a “homing vector” – the direction and distance to travel to return to a
start location; or the animal’s current location on a “map” reference frame. Homing
vector navigation has also been called “dead-reckoning,” and map-based navigation
can be called “piloting” (Etienne 1992). Homing vector updating would be useful for
quickly returning to a single location such as a nest, or another secure location,
when a predator is spotted during foraging, as the return path has already been
computed. It could also potentially be used to return to the last rewarded location. It
would not be practical, however, to continually update such a vector for all of the
locations the animal may want to revisit in the environment. It has been shown that
not all forms of path integration require the hippocampus (Alyan and McNaughton
1999). It is possible that the success of hippocampal rats in the tasks presented by
these authors represent the use of homing vector updating using self-motion and
vestibular information, to return to the last rewarded location. Another explanation
of their results, however, is that path integration is computed outside of the
hippocampus, and only integrated with landmark cues there (O'Keefe 1976;
Touretzky and Redish 1996). When the animal is not removed from the
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environment, as was done in these experiments, path integration is sufficient to
return to a previously rewarded location, using a completely novel path. However,
when trials are initiated from different start locations, as in the Morris water maze,
the animal must reorient itself with external cues, and for this the hippocampus is
required (Morris et al. 1982). It is not clear if rodents use homing vector updating
that is separate from the path integration information used by the hippocampus, but
it is now clear that path integration is computed outside of the hippocampus (see
below).
Map-based navigation is computationally the most complex strategy, but also
the most flexible behaviorally. Unlike the other methods, it does not require a priori
knowledge of which locations should be remembered, and which landmarks are
reliable enough to use. An animal simply remembers all locations and all landmarks
on a coordinate frame, and can later calculate how to travel between any two
locations. It is for this type of navigation that the hippocampus is required
(reviewed in O’Keefe and Nadel 1978; e.g. Morris et al. 1982; Sutherland et al.
1983). The storage of all landmark information requires a large memory capacity,
but the information only increases linearly with each landmark, since for each, a
simple coordinate on the map is required. The hippocampus is known to have a
large number of quickly modifiable synapses, so is well suited for storing large
amounts of information (e.g. Marr 1971). With the discovery of “grid cells” in one of
the main areas that project to the hippocampus, the medial entorhinal cortex (MEC;
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Hafting et al. 2005), the existence of a coordinate map system in the rat brain was
finally fully established. Grid cells, like place cells, fire in specific locations in the
environment, but, unlike place cells, their firing fields repeat regularly, in a
hexagonal pattern. The current hypothesis is that the MEC provides the coordinate
reference frame, and the hippocampus, through its connections from cortical
structures, stores information about the objects and events experienced in each
location (e.g. McNaughton et al. 2006).
Computational models of navigation often use vectors to represent distances
between locations, or x and y coordinates to represent locations, which can easily be
summed to calculate the distances and bearings between additional locations.
Neither place cells, nor grid cells, however, contain this kind of information. Thus, it
is not clear how, or if, place cells are used to compute trajectories between locations.
Distances between nearby locations may be stored in the synaptic matrix between
place cells or grid cells (Muller et al. 1996; Samsonovich and McNaughton 1997; see
Chapter 2), but this does not result in the distances, and especially bearings, being
easily searchable (for a model of random search of this kind of synaptic matrix see
Hopfield 2010). The synapses between hippocampal and cortical neurons have been
hypothesized to store information about which landmarks are visible from a
location, and possibly even their bearing and distance from that location (e.g. Redish
and Touretzky 1997). This kind of connectivity is useful for remembering which
landmarks are present at the current location, or at which location a given landmark
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is located, but again, calculation of distances or bearings between locations or
landmarks is not easy with this storage method. From a complex “cognitive map,”
one can’t simply draw a 2D map of a city; this task stumped London taxi drivers
(Maguire et al. 2006a). What the hippocampal place cell map is instead, is a very
rich set of associations between objects and their location. What this map does
easily is recall items that should be present in the current and perhaps nearby
locations, based on previous memory. So it is a natural novelty or incongruence
detector, not a natural navigation calculator. O’Keefe and Nadel (1978) emphasized
the hippocampus’ role in detecting novelty and initiating exploration of novel
environments.
How the hippocampal map is used to generate a movement plan is not yet
well understood and requires other brain regions. Some models of navigation using
place cells have proposed that reinforcement learning creates associations between
place cells and a movement plan generated from each location (Brown and Sharp
1995; Foster et al. 2000). These models propose that the ventral tegmental area
(VTA) provides the reward signal, when the rat reaches a goal (such as the platform
in the water maze), and connections from the hippocampus to the nucleus
accumbens learn the actions that were taken at each location that lead to that
reward (Brown and Sharp 1995). In the models, the nucleus accumbens encodes
conjunctions of body positions (i.e. heading direction) and actions, and the VTA
reward signal strengthens the connections between place cells and the correct
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conditional action cells (e.g. turn westward). This kind of place-behavior
association, however, makes behavior very inflexible when goal locations are
changed, because previous motor strategies toward the old goal have to be
unlearned before new behavior strategies are learned (Foster et al. 2000). It is clear
that rats’ behavior is flexible to changes of goal locations (e.g. Steele and Morris
1999). To solve this problem, models have added a “coordinate system” that
encodes the coordinate of the current location, and the coordinate of the current
goal, and can calculate the vector distance between them (McNaughton et al. 1991;
Touretzky and Redish 1996; Foster et al. 2000). It has not been determined,
however, whether such a system exists in the rat brain, and how the necessary
vector calculations are computed by neurons.
Vectors of distances and bearings to prominent objects or goals may be
stored in brain areas associated with the hippocampus. For example, the subiculum
has been shown to contain neurons that respond to an environmental boundary at a
particular distance, and in a particular compass direction from the animal (Lever et
al. 2009). Goal information may be present in the medial prefrontal cortex, or
ventral striatum (nucleus accumbens) (Lavoie and Mizumori 1994). The lateral
entorhinal cortex has been shown to be responsive to some conjunction of explored
objects and their location (Deshmukh and Knierim 2011), though exactly what that
information is and how it is used is not yet understood. To compute a direction to
travel to the goal from allocentric bearing information, the animal would need to
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transform the position of the goal in allocentric coordinates from the place cell map,
back to egocentric (animal-centered) coordinates. The parietal cortex processes
information about the locations of objects and movements in relation to egocentric
reference frames, and thus interactions between the hippocampal complex and
parietal cortex is one candidate for how the transformation from allocentric to
egocentric coordinates occurs (Maguire et al. 1998; Whitlock et al. 2008). Neurons
in the rat posterior parietal cortex respond to direction of motion, speed and
direction and angle of turns (Chen et al. 1994; McNaughton et al. 1994). The
posterior parietal cortex has also been hypothesized to transform between the
various egocentric reference frames, in order to enable the generation of objectdirected movements by various parts of the body, such as the eyes, head and limbs
(reviewed in Andersen et al. 1997; modeled in Pouget and Sejnowski 1997). Thus an
interaction with the hippocampus may allow this system to extend that ability to the
allocentric location of objects in memory.
In an intact brain, the different navigation strategies are available
simultaneously and the brain areas attributed to them interact. Which strategy is
chosen to solve the current problem depends on conditions such as the availability,
reliability and familiarity of cues and landmarks, and the importance of the goal
location (Etienne 1992; Alyan 1996). Additionally, a map-based strategy may be
used to locate a rewarded location initially, and later when the path to it is well
known, a motor-plan strategy may dominate (Packard and McGaugh 1996; Iaria et
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al. 2003; but see also Igloi et al. 2009). Hippocampal place cells are typically active
even when an animal is performing a task not requiring map-based navigation
(O'Keefe 1976), and thus a map-based strategy can take over whenever it is needed
again. Aged rats may rely more on response strategies, because they have
compromised hippocampal function (Barnes et al. 1980). The purpose of this thesis
is to investigate the role of path integration on the neural activity of cells within the
hippocampal complex, in particular the medial entorhinal cortex, and the cornu
ammonis (CA) areas. I believe and provide support for the hypothesis that path
integration is the primary method for the generation of the place code, and that
studying this process will aid in understanding of the other functions of the
hippocampus as well.

1.3 Anatomy and physiology of the hippocampal complex
The connectivity of the structures within the hippocampal complex gives
further clues to the generation and use of the place code. The hippocampal complex
includes a large portion of the temporal lobe: the entorhinal cortex, the subicular
complex, the hippocampus proper, and the dentate gyrus. As mentioned previously,
the archi-cortex, including the dentate gyrus (DG), and hippocampus proper (the
cornu ammonis, or CA areas), has three layers, with a single principal cell layer
(called the granule cell layer in the dentate gyrus), and two layers, above and below
the cell layer, into which the dendrites and axons extend. The principal cells of the
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dentate gyrus (granule cells) extend their cone-shaped dendritic trees only in one
direction, called the molecular layer. The inner layer of the dentate gyrus is the
polymorphic layer, through which the granule cells extend their axons toward the
cornu ammonis, and in which the little understood mossy cells have their cell
bodies. In addition to the excitatory granule and mossy cells, there are a variety of
types of inhibitory interneurons located throughout the dentate gyrus. The principal
cells of the cornu ammonis are pyramidal cells, which extend their dendrites both
into an outer and an inner layer. The inner layer is called the stratum oriens, and the
outer layer is further subdivided into a stratum radiatum, near the cell bodies, and
stratum lacunosum moleculare, because different inputs reach these different parts
of the principal cell dendritic trees. Like the neocortex of primates, the two neural
sheets of the archecortex are folded to create a more compact structure. The dentate
gyrus is folded over a part of the cornu ammonis, forming an “attached” (or
suprapyramidal) blade and a “detached” (or infrapyramidal) blade. The cornu
ammonis is folded over the attached blade. It is subdivided into three regions along
this curved axis. The part nearest the dentate gyrus is the CA3, just past the curve
there is a thin CA2 region, and then CA1. This axis is called the transverse axis of the
hippocampus, and each region in it can be subdivided further into a proximal
(nearest to the dentate) and distal portion (see Figure 1.2). CA1 in particular will be
divided like this, because of different inputs to each portion (described below). The
two curved cell body layers of the dentate gyrus and cornu ammonis are visible in
most cross sections of the hippocampus, and thus are a defining feature of the
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hippocampus. Extending the curve of the cornu ammonis further, CA1 is actually
continuous with the more loosely packed cell body layer of the subiculum, and then
the pre- and para-subiculum, which curve in the opposite direction of the CA, and
are continuous with the entorhinal cortex. Altogether the cornu ammonis and
connected cortical regions form an S-shaped sheet. The longitudinal axis of this
folded neural sheet (along the length of the “seahorse”) is called the dorso-ventral
axis, in the rat, or the septo-temporal axis to be consistent with the monkey and
human literature, as the hippocampus is oriented differently in the brains of
primates (reviewed in Amaral and Lavenex 2007).
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Figure 1. 2: Transverse and longitudinal axes of the hippocampus

The anatomy of the hippocampus is best described along two axes: the longitudinal axis, which runs
from dorsal to ventral in the rat brain (lower image), and the transverse axis. Cross sections of the
hippocampus show the inter-folded cell layers. The transverse axis runs along the curve of the folded
layers, which is schematized in the upper image. The cell layer of the hippocampus proper (CA areas)
transitions into the subicular complex (subiculum, presubiculum and parasubiculum) and then
entorhinal cortex (EC). Along this axis, areas in the direction of the dentate gyrus (DG) are called
proximal, and in the opposite direction distal. For example, CA1 can be divided into a proximal
portion (near CA2) and a distal portion (near subiculum). Also shown are the main connections
between subregions. Figure modified from (Amaral and Lavenex 2007).

The entorhinal cortex (EC) is the primary direct cortical input to the
hippocampus. The EC is divided into two separate regions, the lateral entorhinal
cortex (LEC), which is actually located rostro-laterally in the rat, and the medial
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entorhinal cortex (MEC), located caudo-medially. These two regions process highly
different information, and thus are thought of as parallel input pathways into the
hippocampus (reviewed in Witter et al. 2000). The lateral entorhinal cortex receives
its major input from the perirhinal cortex, which is sometimes thought of as the final
stage of the object recognition processing stream (Mishkin et al. 1983), while the
MEC receives its major input from the neighboring postrhinal cortex
(parahippocampal gyrus in primates), which, based on its inputs, has been
attributed the role of visuo-spatial orienting (Furtak et al. 2007). The LEC also has
bidirectional connections with the olfactory bulb and cortex, piriform cortex (also
processes olfaction), frontal cortex, insular cortex (interoceptive awareness and
homeostasis, as well as social emotional processing), and amygdala (emotional and
social processing, especially fear). There is only some overlap in the cortical areas
the MEC and LEC are connected to; for example the MEC also receives some input
from the olfactory areas. The MEC additionally has bidirectional connections with
the parietal, occipital (visual processing), cingulate, and retrosplenial cortices
(reveiwed in Canto et al. 2008). The MEC also receives unidirectional inputs from
the pre- and post-subiculum. In fact, the presence of inputs from the pre-subiculum
is one of the defining criteria used to distinguish the MEC from the LEC (Canto et al.
2008). As discussed previously, the pre-subiculum is the main source of head
direction information into the hippocampal network. This difference in inputs, along
with some similarities in structure, and parallels in output pathways to the
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hippocampus, suggests that the MEC and LEC have highly different, yet parallel roles
in the information processing of the hippocampal network.
The entorhinal cortex is divided into six layers, with principal cells located in
layers II, III and the deep layers V and VI. Layer II consists of the most unique
neuron types, stellate cells in MEC (Klink and Alonso 1997) and fan cells in LEC
(Tahvildari and Alonso 2005). These cells are interconnected with interneurons
found in the same layer, and send their axons to the DG and CA3. There is also
evidence of some interconnections between stellate cells (Kumar et al. 2007). The
majority of MEC layer II cells are pure grid cells (Sargolini et al. 2006). Layer III EC
neurons are pyramidal neurons, which are interconnected with each other and
interneurons, and send their axons to CA1 and the subiculum. Layer V contains large
pyramidal neurons, which send their axons back to the superficial layers, and out to
other cortical and subcortical structures. Layer VI neurons project to the thalamus.
Layer III and the deep layers of MEC contain a mixture of head-direction cells, cells
that fire in a grid pattern, but only in a particular head direction (they are
conjunctive for head direction and grid position; Sargolini et al. 2006), and border
cells, which fire omni-directionally around any border that occurs at a particular
compass direction (Solstad et al. 2008). By contrast, LEC neurons are responsive to
some conjunction of objects that the rat can directly interact with and the spatial
location of those objects (Deshmukh and Knierim 2011).
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In contrast to the bidirectional (reciprocal) connectivity of many cortical
structures, the hippocampus is mainly connected in directional loops. The trisynaptic circuit is often considered the main information processing pathway
through the hippocampus. This loop consists of the perforant path, which are the
axons from the EC that perforate the subiculum and synapse onto the DG, CA3 and
CA2; the mossy fibers, which are the axons of dentate granule cells projecting to the
CA3 region; and the CA3 and CA2 Schaffer collaterals, which project to CA1. CA1
then sends axons back to the EC. In addition to these connections, CA3 pyramidal
cells also form associational fibers which synapse within the CA3 and CA2, forming a
recurrent network. CA1 also projects to the subiculum, which forms another output
pathway back to the entorhinal cortex and to many other cortical areas (for recent
reviews see Witter et al. 2000; Amaral and Lavenex 2007; Jones and McHugh 2011).
CA1 and the subiculum also form a large output fiber, the fornix, which contacts
subcortical structures (see below).
Some general principles apply to the majority of the connectivity within the
hippocampus. Many principal neurons receive converging inputs from sometimes
thousands of other neurons, and their outputs also diverge to thousands of neurons.
This connectivity tends not to be local: dentate gyrus granule cells, hillar mossy
cells, and cornu amonis pyramidal cells spread their axons over between one third
to two thirds of the longitudinal length of the hippocampus and many also extend
axons to the contralateral hippocampus (Claiborne et al. 1986; Ishizuka et al. 1990;
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Sik et al. 1993; Buckmaster and Schwartzkroin 1994; Li et al. 1994; Acsady et al.
1998). Also, unlike in the majority of the cortex, axons of hippocampal neurons are
approximately equally likely to form synapses on neurons near their cell body
compared to distant neurons. This property of hippocampal neurons supports the
theory that hippocampal neurons can associate random bits of information. There
are many different classes of inhibitory interneurons in the hippocampus, which
serve many important functions in the hippocampus. Interneurons provide feedforward and feed-back inhibition, allowing only a select group of pyramidal neurons
to be active simultaneously. They also regulate the timing properties of principal
neurons, setting the rhythm of principal neuron activity, and selecting which inputs,
such as synchronous inputs, or inputs that arrive in bursts, or inputs from a
particular part of the dendritic tree, are summated by the pyramidal neurons
(Freund and Buzsaki 1996; Buzsaki 2006). Unfortunately, interneurons are harder
to identify and classify than pyramidal neurons in in vivo recordings, and thus less is
known about their activity in behaving animals. The laminarity of the hippocampus
also gives some insight to its connectivity: most intra-hippocampal excitatory
connections arrive near the cell bodies, in the stratum oriens and radiatum of CA
pyramidal neurons, and EC inputs arrive on distal dendrites, in the stratum
laconosum-moleculare (Blackstad 1958). Interneuron classes are distinguished by
laminar patterns of their inputs and outputs, each targeting a particular input
pathway (Gulyas et al. 1993; Han et al. 1993; reviewed in Buhl and Wittington
2007). Membrane channels present on principal cell dendrites also show laminar
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patterns: voltage dependent calcium channels and H-channels tend to be on distal
dendrites, to facilitate the passage of synaptic potentials all the way to the cell body
(Magee 1998; Wei et al. 2001).
Some hippocampal connections follow the mentioned organizing principles,
and some, notably, do not. The perforant path projection to the dentate gyrus shows
the most divergence: 50,000 layer II EC neurons diverge onto 1 million granule cells
in the rat (West et al. 1991). Each granule cell also receives inputs from 10,000 EC
neurons, creating a representation that is highly different from the one in the EC.
Many fewer DG cells are active in a typical (1 m2) environment (2%) (Jung and
McNaughton 1993; Chawla et al. 2005; Leutgeb et al. 2007; Neunuebel and Knierim
2012). It has been suggested that the DG converts the code from the EC into one that
is more sparse and random, which makes it a better memory index code
(McNaughton and Morris 1987). In contrast to the divergence of the perforant
pathway, dentate gyrus granule cells form synapses that diverge very little: one
granule cell contacts only about 10 mossy cells (in the polymorphic layer of the
dentate) and 10-18 CA3 cells (Acsady et al. 1998). One CA3 cell receives inputs from
only about 50 granule cells, but the synapses from those cells are so large (4-10
microns) and have so many release sites (30-40) that a train of action potentials
from a single granule cell can activate a CA3 cell (Chicurel and Harris 1992; Henze et
al. 2000; Henze et al. 2002). CA3 recurrent connections are again highly divergent,
each neuron forming 10,000 to 20,000 synapses, spread through much of the septo-
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temporal and proximal-distal axes of CA3 (Sik et al. 1993; Li et al. 1994). These
synapses have a low release probability and only generate EPSPs of 1-2 mV,
however, bursts of spikes greatly increase the probability of generating an action
potential in the post-synaptic cell (Miles and Wong 1986; Malinow 1991). Synapses
from CA3 cells form on random other CA3 cells, with a 2% probability of contacting
nearby as well as distant neurons, and are not usually reciprocated (Miles and Wong
1986). The inputs from CA3 to CA1 are similarly divergent and weak (Sayer et al.
1990). In fact, feed-forward inhibition from CA3 has a larger impact than the
excitation. All intra-hippocampal synapses between principal neurons are formed in
strata oriens and radiatum (reviewed in Buhl and Wittington 2007).
Lateral and medial entorhinal inputs connect in the dentate gyrus and CA3 in
an organized laminar pattern. Medial perforant path axons synapse on the middle
third of the DG molecular layer and the inner (toward the cell bodies) half of the
stratum laconosum-moleculare in CA3 and CA2, while lateral perforant path axons
synapse on the outer third of the DG molecular layer and the outer half of the
stratum laconocum-moleculare (Hjorth-Simonsen 1972; Steward 1976). This means
that the same dentate gyrus and CA2/3 neurons get inputs from both the LEC and
MEC (McNaughton and Barnes 1977), but may summate those inputs differently
depending on the properties of the inhibition in each layer of the dendrites. CA1 and
subicular cells in contrast, each only receive inputs from one part of the EC: lateral
entorhinal layer III neurons synapse onto the neurons at the border of CA1 and the
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subiculum, and MEC pyramidal neurons synapse in the proximal (to DG) half of CA1,
and distal (to DG) half of the subiculum. Small portions of CA1 and the subiculum
receive additional inputs from the perirhinal cortex, which projects to the distalmost portion of CA1 and proximal-most portion of the subiculum (Liu and Bilkey
1997; Naber et al. 1999), and the postrhinal cortex, which projects to the distal most
subiculum, and weakly to proximal-most CA1 (Canning and Leung 1997).
Another organization of neural processing is obvious along the longitudinal
axis of the hippocampus. Neurons within the entorhinal cortex are interconnected
with other EC neurons in the same longitudinal (dorso-lateral to ventro-medial)
strip, and that strip projects mainly to a corresponding region along the dorsoventral axis of the hippocampus. These portions of the entorhinal cortex also show
somewhat different cortical connectivity. For example, the dorso-lateral band of the
MEC shows more connectivity with the postrhinal, cingulate, parietal and occipital
cortices, while the ventro-medial band shows more connectivity with the olfactory
and piriform areas. This gradient of connectivity is accompanied by a gradient in the
spatial scale of the grid and place fields recorded along this axis of the hippocampus
and MEC. Grid and place cells recorded in the dorsal-most portions of the
hippocampus and MEC show the smallest fields (~30cm), and spacing between grid
fields, which gradually increases in size at more ventral recording sites (Jung et al.
1994; Brun et al. 2008). Additionally, lesions of the dorsal and ventral portions of
the hippocampus and MEC have different effects on behavior: the dorsal
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hippocampus and MEC is required for spatial memory (e.g. Steffenach et al. 2005),
and the ventral hippocampus has been implicated in fear-related behavior (e.g.
Kjelstrup et al. 2002). The latter could also be interpreted as involving memory for
larger scale spaces (Jung et al. 1994).
The major outputs of the hippocampus are through the subiculum and
entorhinal cortex to other cortical structures, and through the fornix to subcortical
structures (Figure 1.2). The fornix loops around the midbrain and contacts the
anterior thalamic nuclei (as well as the lateral dorsal thalamus and nucleus
reuniens), mammilary bodies, diagonal band of Broca, septum, nucleus accumbens,
and prefrontal cortex. In addition, fibers from the septum, diagonal band,
hypothalamus, locus coeruleus, supramammilary nucleus, and nucleus reuniens
reach the hippocampus through the fornix (for review see Aggleton et al. 2010).
Lesions of the fornix as well as these associated structures result in episodic and
spatial memory deficits similar to hippocampal lesions, and these pathways are
hypothesized to participate in several aspects of hippocampal processing. For
example, the connections to the nucleus accumbens are thought to be responsible
for navigation toward goals (e.g. Brown and Sharp 1995; Redish and Touretzky
1997; see above).
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Figure 1. 3: Hippocampal input/output pathways

This diagram highlights the major input and output pathways to the hippocampus. The hippocampal
complex receives information about objects through the perirhinal cortex (PER) and LEC, self-motion
information through the parietal (PPC) and retrosplenial (RSC) cortices, visual motion information
from the parietal, postrhinal (POR) and retrosplenial cortices and lateral dorsal thalamus (LDN), and
vestibular information through the dorsal tegmental nucleus (DTN), lateral mammilary nucleus
(LMN) and antero-dorsal thalamus (ADT). One source of the theta signal is from the
supramammilary nucleus (SuMN) and septum, which makes its way through the medial mammilary
nucleus (MMN) and anterior-ventral thalamus (AVT). One major output pathway from the
hippocampus that is thought to function in the generation of behavior is from the subiculum and CA1
(through the fornix) to the mammilary nuclei, septum and nucleus accumbens (NAcc). Additionally,
this diagram shows that information flow to and from the hippocampal complex is highly
bidirectional. Another pathway that likely influences movement is through the parietal cortex. Some
intra-hippocampal connections are simplified. The LEC is interconnected with the hippocampus in
much the same way as the MEC, but only one arrow is shown, for clarity. CA1 outputs to EC are not
shown. Many interconnections among input and output structures are not shown, for example mPFC
is interconnected with parietal cortex. Some structures are colored, to highlight what kind of cells can
be found there. Colors do not necessarily correspond to the layers in which the cells are found.
Border cells are not preferentially found in the deep layers of MEC and the subicular complex. Grid
cells are preferentially found in the superficial layers, and head direction cells outnumber other types
in the deep layers. Sources: (Redish and Touretzky 1997; Vann and Aggleton 2004; Taube 2007;
Whitlock et al. 2008; Aggleton et al. ; Boccara et al.).
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There are also several parallel pathways through the anterior thalamic nuclei
and the mammilary bodies which are important for both memory and hippocampal
function (Vann and Aggleton 2004). One involves the lateral mammilary nucleus,
anterior dorsal thalamic nucleus, and dorsal presubiculum (also called
postsubiculum), which all contain head direction cells, and are necessary for the
generation of the head direction signal (reveiwed in Taube 2007, see above). A
parallel pathway includes regions adjacent to these, and the same tracts, but does
not interact with the head direction system until the pathways reach the
hippocampus (reveiwed in Vann and Aggleton 2004). This pathway includes the
medial mammilary nucleus, anterior ventral thalamic nucleus (AVT), and CA1 and
subiculum (green arrows in Figure 1.2). The interaction of the suprammamilary
nucleus, septum and this pathway is thought to be responsible for the generation of
the hippocampal theta rhythm (e.g. Kocsis and Vertes 1994; Buzsaki 2002). This 612 Hz oscillation dominates the hippocampal local field potential during locomotion
(Vanderwolf 1969). It is thought to be a timing signal, which influences the
information processing in the hippocampus, including the spike timing of place cells
(O'Keefe and Recce 1993), hippocampal LTP (Huerta and Lisman 1995), and its
interaction with other structures (Jones and Wilson 2005; van der Meer and Redish
2011). “Theta cells,” neurons which fire at theta frequency during locomotion, are
found in all of the structures in this pathway. Recently, theta cells in the medial
septum, anterior thalamus, and hippocampus, have been found to modulate their
firing rate with running speed in a particular direction, and thus encode directional
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running speed (Welday et al. 2011; see chapter 2). Thus, it appears that the signals
necessary for path integration (head direction and running speed), enter the
hippocampus through the mammilary body-anterior thalamus loop.

1.4 Activity in the human hippocampus
Most anatomical properties of the hippocampus are comparable and have
been confirmed in primates and humans. Confirming the location of navigation
ability and the existence of place cells in humans is much more difficult, however. An
increased size of the posterior right hippocampus in London taxi drivers compared
to bus drivers has been reported, suggesting it has a role specifically in navigation
(Maguire et al. 2006b). Damage to the human hippocampus results in a clear
memory deficit, but the difficulty with navigation is more subtle. Deficits were not
seen in landmark recognition, distance evaluation, orientation, or the navigation
between well known locations, including finding alternate routes around obstacles
(Teng and Squire 1999; Rosenbaum et al. 2000; Maguire et al. 2006a). Researchers
noticed a lack of ability to describe the routes in detail, however (Rosenbaum et al.
2000; Maguire et al. 2006a). The most recent study showed that a taxi driver with
almost 40 years of experience in London could navigate major streets well, even
after developing a fairly localized lesion throughout the length of the hippocampus,
but got lost in small streets. A control group of retired taxi drivers were equally
good at the routes the patient could navigate, as at the ones he could not. He also
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had trouble and got frustrated describing a route from memory, even if it was one
he had no trouble navigating in a virtual reality reproduction of London. This shows
that information about major roads, which define the structure of the environment,
is also present in other brain regions, but recall of the fine detailed structures
remains dependent on the hippocampus throughout a person’s life (Maguire et al.
2006a).
A few neuro-imaging studies show increased activation in the hippocampus
during navigation tasks (Ghaem et al. 1997; Maguire et al. 1998). Additionally,
electrophysiology in epileptic patients with electrodes implanted in the
hippocampus (to monitor seizures) identified place-responsive, goal-related and
some spatial view-related cells in virtual environments (Ekstrom et al. 2003). As is
known from rats, place cells are not arranged topologically, instead, nearby cells
respond to random regions of the environment (Redish et al. 2001), and thus there
is no large scale pattern of hippocampal activity that can be read out in an fMRI
signal as a measure of distance, or as a type of path (Morgan et al. 2011). Instead,
the hippocampus encodes displacement by a change in the active place cell, and an
increased number of neurons will respond to larger displacements (as neurons with
larger field sizes will change their activity). The decay time of an fMRI signal can be
used as a measure of the similarity of neural activations to two successively
presented stimuli (Grill-Spector et al. 2006). Morgan et al. (2011) showed that fMRI
activity in the left anterior hippocampus decayed more when successively presented
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landmarks represented nearby locations. In summary, there is pretty good evidence
that the hippocampus in humans has place-related activity, and functions to
associate places with the sensory experiences encountered in them, similarly as in
rats.
Finally, a recent, cleverly designed analysis of fMRI activity in human MEC
showed evidence of grid-related activity. Doeller and colleagues (2010) noticed that
the preferred firing directions of head direction cells and conjunctive (grid-by-head
direction) cells orient in one of six directions, coinciding with one of the axes of the
grid. This observation, along with the finding that all simultaneously recorded grid
cells have grids with the same orientation (Fyhn et al. 2007), suggests that the firing
rates of all head-direction modulated cells in the MEC should vary with running
direction. When a subject is moving in a direction along the grid, 1/6 of all head
direction and conjunctive cells should be firing at their maximal rate, and thus the
summed firing rate will be high. By contrast, when the subject is moving in a
direction not oriented with the grid, no head direction or conjunctive cell will be
firing at its peak, and thus the summed firing rate will be low. Doeller et al. (2010)
looked, in human subjects navigating through a virtual environment, for differences
in the fMRI signal in different directions of motion. They found that in fact, the fMRI
signal increases in six directions, at 60 degrees apart. They found that these signal
changes with direction of motion were particularly strong in the right EC, but were
also present in subiculum, parahippocampal cortex, retrosplenial cortex, posterior

43
parietal cortex, medial prefrontal cortex, and visual cortex, indicating that these
areas also contain head direction or other cells that are tuned to the orientations of
the grid. The strength of the tuning to the grid in entorhinal cortex correlated with
the subjects’ navigation performance.
In summary, there is good evidence that the hippocampal complex in
humans, as in rats, is involved in generating a place code and linking details of
experiences to that code. The activity of the MEC, in particular, suggests that this
place code is formed from integrating information about direction and distance
traveled. The following chapter will discuss models of how such a code could be
generated by path integration.
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CHAPTER 2: ATTRACTOR MODELS OF HIPPOCAMPAL NETWORKS
2.1 Attractors
An attractor is a stable state of a dynamical system. A system such as a neural
network has a large set of states – the activity of all possible subsets of neurons. An
attractor is a closed subset of those states, toward which the system tends to evolve.
Once the system reaches the attractor, it will stay within the attractor, either
unchanging (a fixed attractor), or moving through a set of repeated states (cyclic
attractor), or non-repeating, but still bounded states (chaotic attractor). An easy to
imagine system is a ball in a landscape. The ball randomly placed in the landscape
will roll downhill, until it reaches a valley in which it will rest (fixed-point attractor).
Neural networks with fixed points have been used to model memory systems based
on Hebbian synaptic connectivity (e.g. Hopfield 1982). The point attractor is the
pattern of neural activity that was previously learned by Hebbian synaptic
modification. The set of initial states that will settle into a particular attractor is
called the “basin of attraction.” “Pattern completion” is the process of a state within
a basin of attraction evolving toward a point attractor. A neural network used for
memory storage will have many attractor states, one for each stored memory. The
boundaries between basins of attraction result in “pattern separation” – the
determination of which memory is most similar to the current input conditions
based on the basins of attraction formed by the stored synaptic weights. These
dynamics of point attractors imply that memories will be recalled in an all-or-none

45
fashion: any input pattern will recall one or another complete memory. An abrupt
transition between neural states in response to small or gradual changes in inputs is
thus taken as evidence for attractor dynamics.
A line or a ring attractor is another form of a fixed attractor, but instead of a
point, the attractor is a continuous set of equally probable states forming a line or a
ring. Any position along the line or ring is equally stable, but movement along the
line or ring is also possible, caused by noise or external inputs. This kind of attractor
can be used in neural networks as a “neural integrator.” A neural integrator
performs the calculus operation of integration: it sums up the moment-to-moment
change in a variable over time, to know the variable’s current value. External input
to a continuous attractor can move activity along the line or ring, and once the input
stops, the neural network will stay in that state. Another input can then move the
network again. Thus, the network integrates this input, and maintains the integral.
Line attractors have been used to model integration of eye movements (reviewed in
Robinson 1989), and ring attractors have been used to integrate head rotations
(Skaggs et al. 1995; Zhang 1996).

2.2 Continuous attractor models of self-motion integration
The continuous attractor model for head direction, developed independently
by Skaggs and colleagues (1995) and Zhang (1996), works on simple principles.
Neurons representing each head direction are connected to each other with
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strength decreasing as the difference between the relative head directions they
represent. Global inhibition ensures that only a proportion of the cells are active
simultaneously. In this kind of network, any state in which all active neurons
represent similar head directions (called a “bump” state) is stable, and initial
conditions involving any neural activity will settle on such a state. The updating of
head orientation information depends on input from neurons encoding head
angular velocity, such as those in the vestibular nuclei (Precht 1978), or in the
dorsal tegmental nucleus (Bassett and Taube 2001; Sharp et al. 2001). The moving
of the bump along the ring attractor is actually done by a third class of neurons,
which show activity dependent on both head direction, and head angular velocity
(observed in the retrosplenial cortex, Chen et al. 1994; and dorsal tegmental
nucleus, Sharp et al. 2001). These “rotation” neurons should receive inputs from
both angular velocity neurons, and from head-direction neurons, and project back to
head-direction neurons, but with an offset, so that instead of stabilizing the bump,
activity in these neurons will move the bump in one direction. Rotation neurons that
are active during rightward (clockwise) rotations should move the bump in one
direction, and leftward conjunctive neurons should move the bump in the opposite
direction. The wiring diagram for such a network is shown in Figure 3.1A. The last
important aspect of this model is the resetting of head-direction information by
landmarks. Any integration system will accumulate errors over time, and thus
become unreliable. Therefore, an external input relying on environmental cues is
needed to reset the network. Both Skaggs et al. (1995) and Zhang (1996)
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hypothesized that during exploration, Hebbian learning between neurons
responsive to stimuli at a particular orientation relative to the animal’s head would
occur. The strength of the connections to particular stimuli would depend on how
reliably those stimuli predicted the orientation of the animal (distant, stationary
objects would develop the strongest connections). The realignment based on these
cues is thought to depend on the inputs from the visual and retrosplenial cortices to
dorsal presubicular head-direction cells (reviewed in Taube 2007).
The model of the ring attractor, used to integrate and represent the onedimensional variable of head direction, has been extended to design a torus-shaped
continuous attractor, used to integrate directional velocity and represent twodimensional position (Samsonovich and McNaughton 1997). In this model, place
cells were recurrently connected to other place cells representing near-by positions.
Global inhibition ensured the formation of a single bump. Place-by-head-direction
cells moved the bump, based on input from running speed modulated head direction
cells. Again, associations to sensory cues in the environment were learned during
exploration, and used to reset the position of the bump. The use of a torus for the
continuous attractor, instead of a large plane, was not emphasized in this model, but
was chosen for convenience, so that the place cells at the edge of the plane would
not have to have different connectivity. The implication of the use of a toroidal
attractor is that at some point the bump will move around the torus, returning to the
same neural position, creating regularly repeating place fields. It was assumed that
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the reason this is not observed, is that the torus is large enough to represent the size
of environments in typical place cell experiments. A further complication to the
model, was the experimental finding that place cells often have fields in multiple
environments, which appear to be randomly assigned to a position in the
environment, independent of their position in the previous environment, and more
importantly, random relative to each other. When two place cells are active at
nearby locations in one environment, they are not likely to be active in nearby
locations in another environment. This is a problem for any model in which
hippocampal connectivity is assumed to be pre-formed, before any experience in the
environment. Place fields generally appear immediately in a novel environment, and
thus these findings have to be accounted for. Samsonovich and McNaughton (1997)
solved this by creating multiple toroidal attractors, or “charts,” in which all place
cells participated. In each chart, the place cells were arranged along a particular
torus, and connected to their neighbors on that torus. Then the arrangement was
shuffled, and again connections to “neighbors” were created. When a position in a
particular chart was activated, the recurrent connectivity of place cells on that chart
would stabilize the bump in that chart, and the connections to neighbors on another
chart would be randomly distributed and thus too diffuse to move the bump. Given
the sparse hippocampal connectivity, a large number of charts could co-exist and be
recalled without conflict between charts. This model worked very well to reproduce
many known properties of place cells. The requirement for multiple pre-determined
synaptic charts and the random resetting on entering a new environment, however,
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suggested to Touretzky and Redish (1996) that the continuous attractor for path
integration might exist outside of the hippocampus, and that the hippocampus
might receive this input and randomize the positions assigned to each place cell.

2.3 Evidence for attractor dynamics in the hippocampus
The possibility of attractor networks existing in the hippocampus (in
particular within the recurrent connectivity of CA3) was hypothesized before
continuous attractor models were posited there (McNaughton and Morris 1987;
Rolls 1987; Rolls 1989). Along with a continuous attractor for path integration, fixed
point attractors for memory storage have been hypothesized to exist there. There is
good evidence that the activity of place cells is influenced by attractor dynamics. For
example, when a rat explores two identical boxes, placed in separate rooms, the
place cell map generated for the two boxes is not correlated (Leutgeb et al. 2004). In
fact, the activity of CA3 cells shows as little correlation as when the environments do
not look identical. This phenomenon of “global remapping” when moving between
two environments suggests that the similarity of sensory inputs has no bearing on
place cell activity, instead each room is represented by separate attractors. CA1 cells
show more correlation between place cell maps of identical environments than of
dissimilar environments, perhaps suggesting that CA1 receives some information
from the path integrator, resulting in some semblance of attractor dynamics, but
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does not itself contain an attractor. The very low number of recurrent connections
in CA1 is also suggestive of this conclusion.
In contrast to this global remapping in identical sensory environments, place
cell activity remained the same when, while a rat was exploring an environment, the
lights were turned off, removing most sensory cues (O'Keefe and Speakman 1987;
Quirk et al. 1990; Markus et al. 1994). The hippocampus was able to maintain its
map, without visual cues, most likely by the use of path integration. Further
evidence that place cell activity is determined by path integration, possibly with a
continuous attractor, includes that navigation between two identical boxes resulted
in remapping of the two boxes by most cells (Skaggs and McNaughton 1998). When
the two identical boxes were placed at different orientations from one another, the
likelihood of remapping increased (Fuhs et al. 2005). Importantly, once remapping
occurred, it occurred in most simultaneously recorded cells, and continued in all
subsequent recording sessions (Fuhs et al. 2005). Global remapping also occurred
when rats were disoriented by a quick and large displacement of the only orienting
cue in a cylindrical box (Knierim et al. 1998). When this cue was moved along the
wall slowly, head direction cells realigned their orientation to the cue, as did place
cells. The same occurred when the cue was rotated only a small amount (45
degrees). The activity of place cells appears to be tightly coupled to the activity of
head direction cells. For example, when the rat was exploring a cylindrical box in the
dark, the orientation of the head direction cells slowly shifted, presumably because
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of accumulation of errors. As the head direction orientation changed, the location of
place fields also rotated in concert with the orientation of the head direction cells.
Thus, the head direction and place cell systems act as a coherent ensemble, one
requirement for the path integrator attractor. This explains the global remapping in
response to rapid cue rotation. When the orienting cue was quickly moved 180
degrees, the head direction cells did not rotate with the cue, causing a mismatch
between the active place cells and the learned position of the orienting cue. In
response to this large mismatch, the place cell network created a new map of the
environment (Knierim et al. 1998).
Attractor dynamics can be assessed by calculating how correlations of the
activity of the whole population of recorded neurons change, for example as the rat
moves in space. The activity of each neuron is calculated for each location bin, and
the activity of all neurons in a particular bin is combined in a “population vector.” A
gradual change in population vector correlation indicates gradual transitions, such
as movement along a continuous attractor, or a lack of attractor dynamics. An
abrupt change from high correlation to low correlation indicates an abrupt shift in
neural activity, such as a jump between two separate attractor basins. An abrupt
transition such as this is observed when the configuration of the environment as it
was initially learned is changed (Gothard et al. 1996a; Gothard et al. 2001). In this
experiment, a rat was trained to run between a box and a food dish on a track to
receive two food rewards. During the recording, when the rat was eating the reward
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at the food dish, the box was moved to one of five locations along the track: the
original location, or a location closer to the food dish. Many place cells continued to
fire in the same locations as before in reference to the external environment, but
some cells, those with firing fields nearest to the box, moved along with the
reference frame of the box. Population vector correlations showed that both in light
and dark conditions, smooth transitions between positions occurred in the initial
configuration, but abrupt shifts from the global reference frame to the box reference
frame occurred when the rat approached the relocated box. This abrupt transition is
suggestive of the learned associations to the sensory cues at the box resetting the
position of the “bump” of activity in the neural path integrator. Both CA1 and
dentate gyrus place cells showed this abrupt transition, showing that attractor
dynamics in these two regions are inherited either from CA3 (there are a few feedback connections to the dentate), or more likely from the entorhinal inputs to the
hippocampus (Gothard et al. 2001).
Abrupt transitions such as this can also be observed with gradual changes in
sensory cues (Wills et al. 2005; Colgin et al. 2010). In Colgin et al. (2010), rats were
first trained in two separate boxes (a circle and a square), that they navigated
between. This caused the place cell maps between the two boxes to be different,
even when the two boxes were later placed in the same location. “Morphing” of one
box shape into the other resulted in an abrupt change from one place cell
representation to the other. All simultaneously recorded cells showed this change at
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the mid-way point in the morph sequence. No intermediate neural states were
expressed, thus showing clear attractor dynamics. Similar transitions between
alternate representations were shown to occur on a very fast time scale in a
“teleportation” experiment (Jezek et al. 2011). The rat was “teleported” between
two well-explored boxes by switching lights from one configuration to another. The
population vector was calculated during each theta cycle, and correlated to the
expected population activity given the rat’s location in the box in both sensory
environments. Before light switching, the activity correlated only to the place cell
map of the current sensory environment. It only took a few seconds after light
switching, for the activity to correlate to the map of new sensory environment. For
the first few minutes after light switching, however, the activity “flickered” back to
the other box representation on some theta cycles. In each theta cycle, the activity
almost always correlated with one set of cues and not both.
There is also evidence of dynamics that indicate the absence of attractors in
the hippocampus, however. Many changes in the cues in an environment result in
place cell firing rate changes, but still correlated place representations of the
environment (O'Keefe and Conway 1978; Hetherington and Shapiro 1997; Wood et
al. 2000; Leutgeb et al. 2005b; Leutgeb et al. 2006). This phenomenon has recently
been called “rate remapping,” and contrasts with global remapping because place
cells do not change their location of firing, only their firing rates in those locations
(Leutgeb et al. 2005b). Rate remapping can occur with removal of sensory cues
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from the environment (O'Keefe and Conway 1978; Hetherington and Shapiro 1997),
changes in the colors or the shape of the environment (Leutgeb et al. 2005b;
Leutgeb et al. 2006), as well as with changes in internal information such as working
memory and current goals (Wood et al. 2000), and possibly even circadian rhythms
(Sparks et al. 2010). Under conditions of rate remapping, gradual changes in cues
result in gradual place cell firing rate changes, very unlike the attractor dynamics
observed during global remapping or jumping between spatial reference frames
(Colgin et al. 2010). In this experiment, rats were trained in a circle and square box,
both located in the same place in the same room (Leutgeb et al. 2005a; Colgin et al.
2010). Under these conditions, the place cell activity in the two boxes was
correlated, showing only rate remapping. “Morphing” of one box shape into the
other resulted in gradual firing rate changes from one shape to the other, and each
cell showed the biggest firing rate change at a different stage in the morph sequence
(Colgin et al. 2010). Thus, rate remapping does not result in attractor dynamics.
Medial entorhinal grid cells show global remapping under the same
conditions that place cells do, but they do not show rate remapping (Fyhn et al.
2007). Interestingly, grid cells have repeated firing fields, similar to those predicted
by path integration on a toroidal attractor (McNaughton et al. 2006). Moreover, grid
cells show firing fields at the same relative distances and orientations from other
grid cells in all environments in which they are recorded (Fyhn et al. 2007). Thus,
there is no need for multiple charts and random resetting of grid cell activity in each
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new environment. The above findings strongly suggest that the continuous
attractor(s) for path integration actually exists in the medial entorhinal cortex, and
the hippocampus inherits and slightly transforms the path integration coordinates
determined there (McNaughton et al. 2006).
An additional problem with attractor dynamics in the hippocampal formation
is the phenomenon of phase precession. The place field of a place cell on a single
pass through the field is not a smoothly rate-modulated Poisson process, but
consists of a series of brief bursts of spikes, with an inter-burst frequency slightly
higher than the theta oscillation. This results in theta phase precession, such that, as
the rat enters a place field, the spikes occur at the trough of the theta oscillation, and
then shift earlier and earlier in phase upon progression through the field, until the
spikes have moved through 360˚ (but never more), when the rat exits the field
(O'Keefe and Recce 1993). Phase precession has also been observed in MEC layer II
grid cells (Hafting et al. 2008). This precession results in different neurons being
active at different times through the theta cycle, which means that the network
really doesn’t settle on a single stable state, it is constantly moving through different
states, faster than the rat is moving through space. This movement through states
also cannot be described as strictly cyclical, because as the rat moves through space,
a single neuron will be active during several theta cycles but then will stop firing,
and new neurons begin to fire. At the end of each theta cycle, there is a clear
discontinuity (or “reset”) in the order in which neurons fire (Tsodyks et al. 1996).

56
So, though attractor dynamics may be used to describe the synaptic connectivity or
some other limited aspects of the network, they cannot be used to describe the full
functioning of the network in vivo.

2.4 Oscillator interference models
When they first discovered phase precession, O’Keefe and Recce (1993)
realized that this phenomenon could be the result of the interference of two waves.
They suggested that hippocampal neurons oscillate at a frequency slightly greater
than theta, and receive theta input. The summation of the two oscillations causes the
neuron to fire within an envelope that represents the place field, and on earlier and
earlier phases of the slower oscillation (theta) as the rat moves through the field. If
the frequency of at least one of these two oscillations is modulated by the speed of
the rat moving through the environment, then the firing rate and phase will depend
on the location of the rat, rather than on time. Lengyel et al. (2003) implemented
this idea in firing rate and spiking neuron models, and showed that it accounts for
both the firing rate and phase modulation of place cell firing within a place field.
This oscillatory interference model (OIM) as an explanation for the generation for
place fields encounters serious difficulty with some of the properties of CA1
pyramidal cell phase precession (for discussion see Maurer and McNaughton 2007).
Additionally, the simple summation of two oscillations results in a repetition of
envelopes at a frequency proportional to the difference between the two
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oscillations, suggesting that, unless the input to place cells is already place specific
place fields should repeat in a regular pattern.
The discovery of the regularly repeating place fields of grid cells (Hafting et
al. 2005), suggested that the interference of oscillators might result in spatial firing
patterns in the medial entorhinal cortex without the need for spatial input. O’Keefe
and Burgess (2005) and Burgess, Barry and O’Keefe (2007) proposed a model by
which the product of three or more oscillators could cause the spatial firing pattern
of grid cells in the MEC. They propose that the soma of MEC neurons oscillates at
theta frequency, and the dendrites oscillate at a frequency dependent on the velocity
of the rat in a particular direction. If there are at least two dendrites, all tuned to
directions 60 or 120 degrees apart, then the sum (or product) of the three (or more)
oscillations creates spatial firing in a hexagonal pattern. This model integrates the
rat’s directional running speed, but uses a different mechanism than the attractor
model. The oscillatory models take advantage of the fact that an oscillator’s phase is
the time integral of its frequency. Thus, if the frequency is velocity-modulated, then
the phase will depend on position.
A criticism of the initial versions of the oscillatory interference models
involved the question of how the summation of the oscillations could be
implemented in real neurons. It was shown that maintaining oscillations of different
frequencies in different dendrites of electrically compact cells is not biophysically
plausible (Remme et al. 2009). Burgess et al. (2007) suggested that the role
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delegated to dendrites on the same neuron could instead be played by separate
neurons. If there is only one oscillator tuned to velocity in one head direction
interfering with an externally imposed “reference” theta signal, the neuron would
fire in bands throughout the environment. Such neurons have not been found. Blair
et al. (2007), however, proposed that each oscillator exists as a single neuron. This
neuron would have to fire over the entire environment at a frequency in the theta
range, but the exact frequency would have to vary not only with velocity, but also
with the direction of motion. Welday et al. (2011) looked for such modulation in the
frequency of “theta cells,” neurons that fire at high rates, bursting at theta frequency,
and are not location-specific. They discovered that the frequency of theta cells in the
medial septum, anterior thalamus, as well as hippocampus is in fact modulated by
heading direction in the way required by the models.
Another criticism of the early oscillatory interference models involved their
sensitivity to noise. In order for the phases of the oscillations to correctly interfere
with one another, they had to be pure sine waves of a single frequency, and include
no noise. Such a pure signal is not likely to exist in the brain. In contrast, the benefit
of a positive feedback integrator such as a continuous attractor is that it averages
over high frequency errors in the input signal (Robinson 1989). Initial solutions to
this problem involved frequent resetting of the oscillator phases by connectivity
either with place cells, or other grid cells, via a connectivity resembling the toroidal
attractor model (Burgess et al. 2007). This resetting was never modeled, but would
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likely have had to occur so often that the importance of the oscillators would be
questioned. Recent oscillatory interference models have solved the noise problem
by enacting an integration step in the generation of the oscillation (Zilli and
Hasselmo 2010; Welday et al. 2011). Welday et al. (2011) model the oscillators as a
ring attractor identical to the one for head angular velocity integration, but with
velocity in a particular heading direction providing the input, and a much faster,
unidirectional movement around the ring. The recurrent connectivity of the ring
ensures that, even though the spikes of a single neuron can be noisy, that noise will
not disrupt the phase of the oscillation, and the next cycle will recur on time. Thus,
this model also suggests that path integration occurs through attractors, but in each
direction separately. The authors hypothesize these ring attractors exist in the
subcortical pathways (medial septum and anterior thalamus: in a pathway parallel
to the head direction system, Vann and Aggleton 2004) and then the phase code for
position in each direction is combined into a firing rate code in the MEC and
hippocampus (Welday et al. 2011).
In order for a grid cell to have hexagonal grids formed from velocity tuned
oscillator inputs (e.g. band cells or Welday’s theta cells), it needs to receive inputs
from at least 3 oscillators, tuned to directions exactly 60 (or 120) degrees apart.
Other architectures have been proposed (Burgess et al. 2007; Burgess 2008), but
none of them can relax this requirement for precise tuning orientation, because
other tunings result in different geometries of the grid. This requirement is not
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more constraining than the attractor model’s requirement for attractor connectivity
between grid cells, and offset connectivity from conjunctive cells. One solution to
this requirement is if only band cells (or theta cells) tuned to directions 60 degrees
apart exist. In fact, head direction cells have been shown to be tuned only to
directions that align with the six axes of the grid (Doeller et al. 2010), so it is
possible that theta cells are too. Welday et al. (2011) show theta cells tuned to
varied orientations, not necessarily 60 degrees apart, however. They suggest that
grid cells receive inputs from theta cells tuned to directions that are 120 degrees
apart, with other types of spatial firing resulting from inputs tuned to the other
angles (for example, single place fields result from multiple inputs tuned to various
directions).
One problem with the oscillatory interference model has not been resolved,
however. This model, though initially designed to account for phase precession,
does not actually show omni-directional phase precession in grid cells. Some ways
of summing up the oscillators result in phase locking to the reference theta rhythm.
Other architectures result in phase precession in one running direction, but phase

procession in the other direction (the grid cell’s burst frequency is slower than the
reference theta) (but see Burgess, 2008, and Chapter 3 epilogue). Many conjunctive
(grid-by-head direction) cells show theta phase locking, but most grid cells show
phase precession, in both running directions on a track (Hafting et al. 2008). Place
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cells precess just as well in 2-dimensional environments as on a 1-dimensional track
(Burgess et al. 1994; Skaggs et al. 1996; Huxter et al. 2008).

2.5 Network phase precession model
Another explanation for phase precession was proposed by Tsodyks et al.
(1996) and by Jensen and Lisman (1996; see also Wallenstein and Hasselmo 1997).
The foundation of these models is Hebb's (1949) idea of the “phase sequence,” a
series of cell assemblies linked together by asymmetric connections that result from
repeated activation of a perceptual sequence, leading to Hebbian strengthening of
connections in the forward direction. In this model, neurons responded at different
locations along a one-dimensional track, resulting from differential synaptic inputs
to information about external cues. During traversal of the track, cells responding
earlier in the sequence activated cells responding later in the sequence. This was
hypothesized to result from asymmetrical LTP, such as might occur after repeated
uni-directional traversals of the track. Phase precession was generated by gating the
external input to activate place cells only at the beginning of each theta cycle. After
the external input was gated off, the asymmetric intrinsic connections activated
neurons coupled to locations ahead of the animal. This resulted in a “pre-play” of a
short sequence of locations, which was called the “look-ahead.” At the end of each
theta cycle, accumulating inhibition interrupted this process at the end of the theta

62
cycle, by which time the moving rat had advanced further in space, so that the next
cycle began a little further into the sequence, based on the new external inputs.
Unlike the OIM, the asymmetric connection model predicts that place cells
are coupled to one another, and thus should fire in precise order relative to each
other even given synaptic noise. Significant spike timing relationships between
place cells exist, and the shuffling of spikes within the observed noise disrupts these
relationships (Foster and Wilson 2007; Itskov et al. 2008). The oscillatory
interference model also cannot account for the observation that there is a non-linear
relationship between phase and location (Skaggs et al. 1996). In the asymmetric
connection model, if the progression through states within a theta cycle is not linear
(for example the look-ahead may get faster near the end of the theta cycle), then the
relationship between phase and location is also not linear (phase precession
progresses slower upon entry into the field than during exit from the field). The
asymmetric connection model, as proposed by Tsodyks et al. (1996) and Jensen and
Lisman (1996), however, cannot account for omni-directional phase precession.
Also, phase precession occurs during the first traversal of a field in any direction,
and thus the connectivity resulting in phase precession cannot be learned. Another
problem with this model is that it is known that place fields can be updated solely by
path integration (see above and McNaughton et al. 1996) which means that the
reset mechanism at the beginning of each theta cycle cannot depend on external
cues.
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The following chapter describes a model designed to provide an explanation
of phase precession in grid-cells. Collaborators and I applied the Tsodyks et al.
(1996) framework to a toroidal attractor model of grid cells. Instead of asymmetry
in the place cell connectivity, as required by the Tsodyks et al. model, the toroidal
attractor model of grid cells had conjunctive (grid-by-head direction) cells
providing asymmetrical driving of movement of the “bump” of neural activity in all
possible directions, depending on the rat’s heading. Thus, precession can be
observed in all possible directions of movement, as long as conjunctive cells drive
the network “look-ahead,” and a reset of the bump to a state consistent with the
actual position of the rat occurs every cycle. The reset of the bump every cycle was
not implemented by an external input, but instead was controlled by intrinsic
dynamics of the network. This was possible because, in the toroidal attractor, the
relative distance between the firing nodes of different cells (spatial phase) is
predetermined by their connectivity. The relative positions represented by MEC
grid cells appear in fact to be predetermined, because each pair of grid-cells with
common spatial scale has grid nodes the same distance apart and with the same
orientation (Fyhn et al. 2007).
In this chapter I have described attractor networks, and their use in models
of path integration. I have summarized evidence of attractor network dynamics in
the hippocampus, concluding that this model is useful for describing some aspects of
hippocampal and entorhinal dynamics, and the most likely location of the
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continuous attractor for path integration is the medial entorhinal cortex. However,
attractor dynamics do not describe the fine temporal firing patterns of hippocampal
or entorhinal neurons. An alternate model of path integration, the oscillatory
interference model, can also account for many properties of medial entorhinal
neurons, but does not fully account for head direction tuning, the temporal firing
patterns of medial entorhinal neurons, and must also be implemented with an
attractor network to account for the noisy firing of live neurons. Finally, I described
a model that accounted for the temporal firing patterns of hippocampal neurons
with a framework that could be used in conjunction with a continuous attractor
network. The following chapter describes a model that resulted from combining
ideas from the continuous attractor neural networks and a framework that could
account for phase precession.
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CHAPTER 3: ATTRACTOR NETWORK MODEL OF GRID CELL PHASE
PRECESSION
3.1 Preface
This chapter is from the published article Navratilova Z, Giocomo LM, Fellous
JM, Hasselmo ME, McNaughton BL. Phase precession and variable spatial scaling in a
periodic attractor map model of medial entorhinal grid cells with realistic afterspike dynamics. Hippocampus. 2012. 22:772-89. doi: 10.1002/hipo.20939. Epub
2011 Apr 11. Additional background about the H-current is provided in the
Supplementary Background following the published manuscript. Discussion of
articles published since the writing of this manuscript is added in the Epilogue.

3.2 Abstract
We present a model that describes the generation of the spatial (grid fields)
and temporal (phase precession) properties of medial entorhinal cortical (MEC)
neurons by combining network and intrinsic cellular properties. The model
incorporates network architecture derived from earlier attractor map models, and
is implemented in 1-D for simplicity. Periodic driving of conjunctive (position x
head-direction) layer-III MEC cells at theta frequency with intensity proportional to
the rat’s speed, moves an ‘activity bump’ forward in network space at a
corresponding speed. The addition of prolonged excitatory currents and simple
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after-spike dynamics resembling those observed in MEC stellate cells (for which
new data are presented) accounts for both phase precession and the change in scale
of grid fields along the dorso-ventral axis of MEC. Phase precession in the model
depends on both synaptic connectivity and intrinsic currents, each of which drive
neural spiking either during entry into, or during exit out of a grid field. Thus, the
model predicts that the slope of phase precession changes between entry into and
exit out of the field. The model also exhibits independent variation in grid spatial
period and grid field size, which suggests possible experimental tests of the model.

3.3 Introduction
It is widely recognized that a major determinant of the spatial firing
characteristics of hippocampal neurons (O'Keefe and Dostrovsky 1971) is the
integration of self-motion information (O'Keefe 1976; O’Keefe and Nadel 1978;
McNaughton et al. 1996). A major class of neural models that have been proposed to
account for integration of inputs uses ‘continuous attractor’ neural networks
(CANN) (Amari 1977; Ben-Yishai et al. 1995; Skaggs et al. 1995; Zhang 1996;
Samsonovich and McNaughton 1997; Compte et al. 2000). Continuous attractor
networks, unlike discrete (point) attractors, have a continuum of states which are
quasi-stable in the absence of external input. Inputs to the network can cause
movement along the attractor manifold, thus integrating input such as angular
movement of the head (Skaggs et al. 1995; Zhang 1996) or distance traveled

67
(Samsonovich and McNaughton 1997; Doboli et al. 2000; Conklin and Eliasmith
2005). The hippocampal network receives inputs that could support path
integration: from ‘head-direction’ cells that encode relative azimuth (Taube et al.
1990; Mizumori and Williams 1993; Chen et al. 1994; Taube and Burton 1995); and
from a speed encoding system, that combines vestibular, optic flow, proprioception
and motor efference copy into a coherent signal (Terrazas et al. 2005).
Samsonovich and McNaughton (1997) proposed a model of how head
direction and movement speed signals can be combined in a continuous attractor
network to keep track of location, and suggested that the necessary circuitry and
cell types might be found in CA3 or in the entorhinal cortex. This model is
essentially a 2-D extension of continuous attractor models suggested by Skaggs et al.
(1995) and Zhang (1996) to account for how head direction (HD) cells integrate
head angular velocity to track relative head direction. In these CANNs, neurons
representing a given parameter value (e.g., location or head direction) are
connected to others representing nearby values. Thus, neurons encoding similar
values support each other’s activity. With global recurrent inhibition that limits total
network activity, spontaneous activity, and some noise, a ‘bump’ of activity centered
on any of an approximately continuous set of parameters or neural states is the
statistically most probable configuration. This bump may form spontaneously or
may be created by transient external inputs. In Samsonovich and McNaughton
(1997), the attractor network of place cells was coupled to an intermediate layer of
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neurons whose firing was conjunctive for position on the 2-D manifold or “chart”
(also referred to as a ‘map’) and head direction, and modulated by linear velocity.
The return connections from the conjunctive layer to the place cell layer were offset
in a direction consistent with the corresponding HD component (see Fig. 3.1A for a
1-dimensional diagram of this connectivity). Thus, the intermediate, conjunctive cell
layer moved the position of the activity bump in the chart, and translated the rat’s
movement in the environment into a movement through a 2-D continuum of
attractors or neural states. Each of these states could theoretically become
associated with external landmark information, thus linking them to specific
environmental locations. A problem that such a model encounters is that the
number of neurons available to represent points in the plane cannot be limitless, so
eventually the bump will encounter an edge. To avoid edge-effects, Samsonovich
and McNaughton (1997; as well as Conklin & Eliasmith, 2005) assumed there must
be periodic boundary conditions in the network, making it equivalent to a torus. The
implicit prediction of this ‘toroidal attractor map’ hypothesis was that firing of cells
on the attractor map would repeat at regular spatial intervals in a rectangular
lattice.
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Figure 3. 1: Toroidal attractor model
and implementation of synaptic
connections in simulations.
A. One-dimensional representation of
the network connectivity according to
the toroidal attractor model. Grid cells
(in blue) are arranged in a ring. Each
grid cell has synaptic connections onto
nearby neurons, with the synaptic
strength decreasing as a Gaussian
function of distance between neurons.
Thus, a ‘bump’ of activity forms at one
position. Grid cells project to
conjunctive (grid-by-HD) cells (red and
orange). Conjunctive cells also receive
inputs from head-direction cells (light
and dark brown), so that when the
animal is moving north, the orange
conjunctive
cells
are
active.
Conjunctive cells project back to the
grid cell layer, with an offset in the
relative direction which they represent.
Thus, when the animal is moving north,
the orange conjunctive cells activate
the grid cells in the counterclockwise
direction from the position of the grid
cell activity bump and thus move the
bump
in
the
counterclockwise
direction.
B. Model grid and conjunctive network
connection matrix. The strength of
excitatory connections from all
neurons (y-axis), to all neurons (xaxis) are displayed. The first 100
neurons are grid cells, and the upper
left block shows their recurrent
connections. Neurons 101-200 are
‘north’ conjunctive cells, and the upper
middle block shows their inputs from
grid cells, while the left middle block
shows their offset connections back to
grid cells. Neurons 201-300 are ‘south’
conjunctive cells. Note the symmetry of
the grid cell to grid cell and grid cell to
conjunctive cell connections and the asymmetry of the conjunctive cell to grid cell connections.
C. Inhibitory neurons are not explicitly modeled, but global feed-back and feed-forward inhibition are
implemented as inhibitory connections from all excitatory cells to all excitatory cells. Axes and scale
are same as in excitatory weight matrix. Feedback inhibition within the grid cell layer is the
strongest, and feed-forward connections from grid to conjunctive, and from conjunctive to grid cells
are weakest. Color scale is the same as in B.
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D. The result of AMPA and NMDA conductances in model grid cells starting at different membrane
potentials. The AMPA component of the synaptic event is modeled as a single exponential, with a
decay time constant of 10ms. The NMDA component is a difference of exponentials, with a rise time
constant of 2ms, and a fall time constant of 150ms. Displayed is the membrane potential resulting
from a single excitatory synaptic event in a grid cell. The maximal conductance of the NMDA
component is a fixed ratio of the AMPA component for all grid cell to grid cell synapses, but also
depends on the membrane potential of the cell based on the relationship determined by Jahr &
Stevens (1990; see Methods). Synapses from or to conjunctive cells only have an AMPA component
and are not shown.

Neurons with regularly repeating place fields were subsequently discovered
in layer II of the medial entorhinal cortex (MEC) (Fyhn et al. 2004), and have since
been named ‘grid cells’ (Hafting et al. 2005). In the Samsonovich and McNaugthon
(1997) model, place fields repeated in a rectangular grid, while the mathematically
simplest unit describing a grid cell’s firing grid is a rhombus (also referred to as a
“triangular” grid). McNaughton et al. (2006) pointed out, however, that distorting a
square map to a rhombus with periodic boundaries would result in rhomboidal
grids of repeating place fields. This is equivalent to twisting a torus with a square
unit cell, as was recently implemented analytically by Guanella et al., (2007). In
addition to grid cells, Sargolini et al. (2006) have identified other cell types, deeper
in MEC, corresponding to the two other essential ingredients of the Samsonovich
and McNaughton (1997) model: pure HD cells, and grid location-by-HD
(‘conjunctive’) cells, all exhibiting firing rate increases with running speed as
predicted by the model. Thus, all of the components of Samsonovich and
McNaughton’s model for path integration appear to be present in the MEC. In
further support for path integration via a continuous attractor occurring in the MEC,
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each pair of grid cells recorded at the same dorso-ventral location in the MEC has
grid fields the same distance apart and with the same orientation relative to each
other in all environments (Fyhn et al. 2007). This supports the idea that a single
continuous attractor manifold could exist in a module of connected MEC neurons.
Hippocampal neurons, in contrast, show random remapping of their relative field
locations in different environments, and thus multiple attractor manifolds (“charts”)
would have to exist there to support path integration as well as this remapping
(Samsonovich and McNaughton 1997).
As was first observed in place cells of the hippocampus proper (Jung et al.
1994; Maurer et al. 2005), the size of grid fields (and the spacing between fields)
increases in cells recorded more ventrally in the MEC (Brun et al. 2008). In a CANN
model, the spatial period of grid fields is a function of the mapping of the speed of
the rat onto the speed of the activity bump on the toroidal manifold (Samsonovich
and McNaughton 1997; Conklin and Eliasmith 2005). Because the bump cannot
move simultaneously at different speeds, CANN models require that multiple,
relatively independent toroidal attractor modules with different spatial scales
(bump speeds) are present at different dorso-ventral locations in the MEC, and that
the spatial scale of grid fields should change discontinuously. This prediction was
recently confirmed by Barry et al. (2007). Combining the output of neurons from
multiple toroidal attractor networks with different spatial scales would create a
distributed code for position. Such a distributed code is similar to a modulo
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representation of numbers, and allows a larger capacity with fewer neurons than a
sparse, unary-like code (Fiete et al. 2008). This position code can then be translated
into a more sparse code such as the one in CA3 by, for example, summation of inputs
from grid cells at multiple scales (McNaughton et al. 2006; Solstad et al. 2006).
The average tuning curves of place cells and grid cells are usually depicted as
smooth firing rate distributions in space, which are easily modeled with attractor
networks; however, this smoothness is actually an artefact of trial averaging. The
firing of place and grid cells is sensitive not just to location, but also to the phase of
the theta oscillation (a 4-12 Hz rhythm recorded in the local field potential of the
hippocampus and MEC). The firing of a place cell on a single pass through its
average firing field consists of a series of brief bursts of spikes, with an inter-burst
frequency slightly higher than the theta oscillation (O'Keefe and Recce 1993; Maurer
et al. 2005). This results in theta phase precession, such that, as the rat enters a
place field, the spikes occur at the trough of the theta oscillation, and then shift
earlier and earlier in phase upon progression through the field, until the spikes have
moved through 360˚ (but never more), when the rat exits the field (O'Keefe and
Recce 1993). Theta phase precession has also been observed in layer II grid cells
(but not in most layer III conjunctive cells; Hafting et al. 2008). Phase precession has
been hypothesized to play a role in storing and possibly predicting temporal
sequences of activity (Jensen and Lisman 1996; Skaggs et al. 1996; Wallenstein and
Hasselmo 1997; Buzsaki 2006; Lisman and Redish 2009). Thus, it is important that a
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model for grid cell activity can also show phase precession. Previous attractor
models of place cells have shown that the activity bump can widen and narrow
during a theta cycle, thus showing a small amount of phase modulation of place cell
firing rates, but not phase precession as is observed experimentally (Samsonovich
and McNaughton 1997; Conklin and Eliasmith 2005).
At the time of their discovery, O’Keefe and Recce (1993) proposed that phase
precession is generated by the sum of two oscillators of slightly different
frequencies: theta, and an intrinsic oscillation frequency of the neuron. This
interference pattern gives rise to an envelope (the place field) whose frequency is
the difference between the two basis frequencies. The peaks within that envelope
shift in phase progressively earlier relative to the lower frequency component
(theta). This oscillatory interference model, as an explanation for the generation of
place fields, encounters difficulty with some of the properties of CA1 pyramidal cell
phase precession (for discussion see Maurer and McNaughton 2007). The model,
however, also predicts periodicity of firing fields, and since the discovery of grid
cells, has been extended (O'Keefe and Burgess 2005; Burgess et al. 2007; Burgess
2008) to a two dimensional model that appears to account very well for some
properties of the MEC grid cell network. The implementation of this model with
currently known cell types, however, requires maintaining oscillations of different
frequencies within electrically compact cells such as MEC stellate cells, and this has
been shown to not be biophysically plausible (Remme et al. 2009).
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An orthogonal class of explanation for phase precession was proposed by
Tsodyks et al. (1996) and by Jensen & Lisman (1996; see also Wallenstein and
Hasselmo 1997). In these models, neurons respond at different locations along a
one-dimensional track by virtue of differential synaptic inputs driven by external
cues. Repeated traversal of the track (or some other unspecified process) results in
asymmetric intrinsic connections via Hebbian strengthening of connections in the
forward direction (called a “phase sequence” by Hebb 1949). Phase precession in
these asymmetric connection models results from dynamics in which the external
input is enabled at the beginning of each theta cycle and then gated off, allowing the
asymmetric intrinsic connections to activate a short sequence of neurons coupled to
locations ahead of the animal. Accumulating inhibition interrupts this process at the
end of the theta cycle, and a new cycle begins with external input reflecting the new
actual position of the rat. This mechanism generates phase precession, because the
cells that fire at the beginning of the theta cycle are those that are activated by
external cues at the current position of the rat, whereas those that fire later in the
cycle reflect locations ahead of the rat. During each cycle, there appears to be a timecompressed prediction (Skaggs et al. 1996) of the sequence of place fields through
which the rat will move (‘look ahead’), followed by a ‘reset’ to the actual position of
the rat at the beginning of the next theta cycle. This is illustrated in Figure 3.2, which
is adapted from Tsodyks et al. (1996). There are two main shortcomings of the
asymmetric connection models of phase precession. First, phase precession occurs
omnidirectionally during 2-D foraging behavior, such that the first spikes fired on
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entry to the field are at late theta phase, regardless of the direction from which the
rat enters the field (Burgess et al. 1994; Skaggs et al. 1996). This implies that the
network must be able to ‘look ahead’ or predict the sequence of place fields ahead of
the rat in all directions, and thus there cannot be asymmetry in the recurrent
connections. The second problem is that place fields can be updated solely by path
integration, in the absence of sensory cues (see McNaughton et al. 1996) which
means that the mechanism controlling the ‘reset’ of activity every theta cycle cannot
depend solely on external cues.
Figure 3. 2: Tsodyks et al. (1996) model of phase precession

Simulation of 800 neurons, arranged along the y-axis according to the position of their firing maxima
along the rat's 1-D route. Time is represented along the x-axis, partitioned into theta cycles. The
spikes of neuron #400 are circled. At the beginning of each theta cycle (vertical line), external input
activates the neurons corresponding to the rat’s current location. Then assymetrical connections
propagate neural activity to neurons representing positions ahead of the rat (‘look-ahead’). The
activity is ‘reset’ back to the current location of the rat at the beginning of the next theta cycle. Thus,
neuron #400 fires spikes late in theta phase upon entry into its field, and early in phase when the rat
is exiting the field. The size of the place field is the distance moved in space from the first to the last
spike (adapted from Tsodyks et al., 1996). Note that, in the Tsodyks et al model, the reset is assumed
to be governed by external cues, and the connection asymmetry that underlies phase precession is in
the recurrent connections of the place cell network. Both of these assumptions are incompatible
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with path integration in multiple directions. The present model was devised to overcome these
problems.

We describe here a neural network model of grid cells, which shows phase
precession and addresses the problems with previous network models of
precession. We use a network with connectivity forming a ring attractor (a 1-D
version of the toroidal attractor connectivity in Samsonovich & McNaughton, 1997).
Conjunctive cells in this model fire specifically to a heading-direction and drive the
asymmetrical look-ahead of the grid cell network. Additionally, because, in the
toroidal attractor map, the relative distance between the firing nodes of different
cells (spatial phase) is predetermined by their connectivity, the reset of the bump
every cycle does not need to be implemented by an external input, but instead can
be controlled by intrinsic dynamics of the network and neurons. We suggest that a
reset of the network bump of activity may result from intrinsic conductances of
stellate cells in layer II of MEC, which show intrinsic medium afterhyperpolarization (mAHP) and after-depolarization (ADP) peaks approximately 20
ms and 100 ms following a spike, respectively (Klink and Alonso 1993). These
phenomena could cause the jump-back of the bump at the start of each theta cycle,
because they would allow neurons active a set time ago (~100 ms) to reinitiate
activity during a lull in synaptic inputs. Such a mechanism has been suggested for
short-term memory maintenance over one theta cycle (Lisman and Idiart 1995;
Jensen and Lisman 1996). We simulate this proposal in a network of integrate-and-
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fire neurons with a conductance decrease for the mAHP and conductance increase
for the ADP, implemented after every spike. Finally, we present a reanalysis of data
(Giocomo et al. 2007) on intrinsic currents of MEC neurons, which provide
empirical support for the post-spiking dynamics of the stellate cell membrane
assumed in our model.

3.4 Results

3.4.1 Simulations
A network of integrate-and-fire neurons with connections forming a ring
attractor was implemented. The network included 100 simulated grid cells, and 200
conjunctive cells, half representing movement in the ‘north’ direction, and half in the
‘south’ direction (see Fig. 3.1A and B). The north conjunctive cells were activated
with a constant input (we assume coming from ‘north’ HD cells), of an amplitude
proportional to running speed. All conjunctive cells also included a sine wave input
at 8 Hz, to simulate the theta rhythm. Grid cells included after-spike conductances
resembling the medium after-hyperpolarization (mAHP) and after-depolarization
(ADP) of MEC stellate cells (see Methods) and received input from the simulated
conjunctive cells and other grid cells. A single run of the model with HD input of 6
mV, an ADP conductance peak time of 130 ms, and an NMDA fall time constant of
150 ms is illustrated in Fig. 3.3A. An activity bump was activated at a random
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location on the ring attractor. As a result of the ‘theta’ input, conjunctive cells were
only active during a portion of the theta cycle corresponding to the peak of this
input, and hence, consistent with the data of Hafting et al., (2008) for layer III MEC
cells, did not exhibit full phase precession. During the firing of conjunctive cells, the
activity bump in the grid cell layer moved in one direction (‘look-ahead’). At the
theta input trough, a lack of inputs and continued inhibition caused the bump to
collapse. The ADP and synaptic NMDA conductances helped the bump to reform at
(or ‘jump-back’ to) the group of cells active ~110 ms previously. Thus, as a whole,
the grid cell population was active for most of the theta cycle, with the focus of
activity sweeping forward and increasing in intensity up to the peak of theta, and
then waning and jumping back towards its point of origin during the theta trough.
The average bump movement within a cycle is shown in Fig. 3.3B.
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Figure 3. 3: Grid and conjunctive cell network simulation
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A. General behavior of the model. The activity of all simulated neurons (y-axis) during 2s of
simulation is displayed. Spikes are binned into 10ms bins, with time displayed along the x-axis.
B. The average activity of grid cells in every 2-theta cycle period was calculated. The center neuron of
the grid cell activity bump was calculated for every 2-theta cycle period and used to line up and
average together all of the 2-theta cycle intervals in the simulation. The average normalized position
of the bump in each 10ms time bin is marked by the black line.
C. All firing fields were aligned according to the theta peak at the center of the field, to determine the
probability of spiking in each 10ms bin (bottom plot). Compare simulation results (bottom plot) to
same analysis of a CA1 place field from Skaggs et al. (1996) on top plot. In both plots, red lines mark
theta peaks, which refer to the phase of theta during which the cells exhibit maximal firing (this is the
trough of the theta oscillation measured in the pyramidal cell layer for CA1 cells).
D. Theta phase precession of MEC grid cells recorded by Hafting et al. (2008).
E. Model grid cell spikes are plotted according to the theta phase and time relative to the center of the
field in which they occurred.
F. Membrane potential traces of one simulated grid cell and its corresponding conjunctive cell,
showing a pass through 1 grid field.
G. Patch clamp data from Harvey et al. (2009), showing the theta filtered membrane potential of a
mouse CA1 cell during a pass through the cell’s place field in a virtual environment. Note that the size
of theta oscillation peaks increases within the place field, as they do in our model grid cells.

As a result of the look-ahead and partial jump-back of the activity bump
during each theta cycle, each grid cell fired at successively earlier theta phases
during progression through the active grid field (Fig. 3.3C). The shape of the theta
phase precession plot (Fig. 3.3E) depended on the dynamics of the bump look-ahead
(Fig. 3.3B). Two factors contribute to the shape: early in the theta cycle, grid cells
reinitiated spiking as a result of the ADP and NMDA currents, and late in the theta
cycle, new grid cells were activated by conjunctive cell activity. Activation by ADP
currents was less precisely timed than the inputs from conjunctive cells, resulting in
reduced phase selectivity towards the end of the field (where spikes occur in the
early part of the theta cycle), as is seen in experimental place cell and grid cell data
(Fig 3.3D). This is also seen in plots of fields aligned to theta peaks (Skaggs et al.
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1996, Fig 3.3C). In this plot, spikes are binned into several time bins within each
theta cycle. Many passes through the field are then aligned based on the theta peak
that occurs in the center of the field, so that the theta phase in which spikes occur in
each theta cycle throughout the field can be visualized. Firing rate peaks at the
beginning of the field, occur late in theta phase, and are sharper than the peaks at
the end of the field, which occur early in theta phase. As in the experimental data, in
the middle of the field, two peaks tend to occur in one theta cycle. In the model, this
was because in the middle of its grid field, the cell may become activated by both
conjunctive cell activity and ADP currents. The precise shape of the look-ahead and
jump-back (and thus the phase precession) depended on the precise intrinsic
conductances and time constants as well as synaptic weight parameters, which are
not known for in vivo networks. The synaptic parameters used in all simulations
shown were chosen because they resulted in fairly realistic phase precession, but
also because they allowed the bump activity to be robust enough to allow some
manipulation of inputs and time constants (see below). The parameters used here
are in Table 3.1. Simulations with different synaptic weight parameters showed, for
example, a more discontinuous jump-back than is displayed here.
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Table 3. 1: Synaptic weight parameters

Grid -> grid
Grid -> conjunctive
Conjunctive -> grid
Conjunctive -> conjunctive

Max excitatory
weight
0.0256
0.0473
0.0786
0

Spread
(neurons)
15
10
6

Offset
(neurons)
0
0
11

Inhibitory
weight
0.0617
0.0167
0.0167
0.0222

Excitatory synaptic weights between the neurons were assigned as a function of distance between
the neurons (along the ring attractor). The maximal weight, spread (standard deviation) of the
Gaussian distribution that determined the weights (in number of neurons), and offset (in number of
neurons) are shown. The resulting weights between all neurons are displayed in figure 1B. Global
inhibition was implemented as an inhibitory connection with a delay, between all excitatory neurons.
The weights of these inhibitory connections are displayed in the last column. All weights are unitless
quantities which represent the peak conductance of the channels (AMPA or GABA) multiplied by the
resistivity of the cell membrane. For comparison, an excitatory connection of 0.0143 raises the
membrane potential from rest (-70 mV) by approximately 1 mV. An inhibitory connection of 0.1
decreases the membrane potential from rest by approximately 1mV.

The membrane potential (and spikes) of a model grid cell and a conjunctive
cell during a pass through a grid field are displayed in Figure 3. 3F. The membrane
potential of conjunctive cells is theta modulated throughout the simulation, as a
result of the constant head direction inputs. Grid cells only show strong theta
modulation of the membrane potential during a pass through a grid field, when the
inputs from conjunctive cells are strongest. This is similar to the theta modulation of
the membrane potential of a CA1 place cell during a pass through its place field
(Harvey et al. 2009, Fig 3.3G).
To simulate changes in grid scale along the dorsal-ventral axis of the MEC,
the time constants of the mAHP and ADP were varied (Fig 3.4A). Increasing the time
constants caused reinitiation of spikes to occur later, increasing the inter-burst
interval of the grid cells (as measured from the autocorrelogram; Fig 3.4B). As a
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result, the neurons that were likely to reinitiate during the lull of input at the theta
trough were the ones that had been activated earlier in the last theta cycle, which
increased the jump-back size. This resulted in each grid cell firing for a larger
number of theta cycles, and a slower rate of theta phase precession (Fig 3.4C), and
thus increased the grid period and firing field size (Fig 3.4D). Because synaptic
inputs also played a large role in the timing of spikes, however, the burst frequency
was not completely determined by the ADP delay. The inter-burst frequency
changed more slowly than the peak of the ADP, staying faster than theta frequency
even if the ADP delay was slower than theta (Fig 3.4B). This shows that network
connectivity (synaptic inputs), alter, but do not eliminate, the effects of the time
constants of intrinsic currents on spike timing. Fernandez and White (Fernandez
and White 2008) have shown that the intrinsic oscillations in stellate cells in vitro
are reduced by in vivo-like synaptic conductances. In our model, there is a lull in
synaptic input to grid cells from conjunctive cells at the theta trough. This may have
the effect of unmasking the ADP from the otherwise strong synaptic conductances,
and allowing it to cause a “jump-back” of the bump during the theta trough. The fact
that the ADP works in this way in the model, suggests that currents which in vitro
produce strong oscillations can have significant, though much reduced, effects on
inter-burst frequency in vivo . The oscillations observed in vitro, like the time
constants of the ADP implemented in our model, are slower than the theta
frequency measured in behaving animals (Giocomo et al. 2007), also suggesting that
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the in vivo level of synaptic conductances acts to speed up the inter-burst frequency
of these neurons.
Figure 3. 4: Variation of after-spike conductance time constants in grid network simulations

A. Variation of the mAHP and ADP conductance time constants resulted in the after-spike potentials
shown. All time constants (mAHP time constant, ADP peak delay and ADP peak width; see Methods),
were varied proportionally. The mAHP time constants shown are 40, 50, 60, 70, 80 and 90ms. The
strength of the ADP current was increased with an increase in time constants, to keep the firing rates
of grid cells during a run of the full simulation constant.
B. Intrinsic burst frequency (as measured from the autocorrelation) of grid cells in network
simulations run with various after-spike conductance time constants. Theta frequency (frequency of
head-direction input to conjunctive cells) was set to 8Hz in all simulations, and all other parameters
were also unchanged.
C. Firing within grid fields aligned to theta peaks (red lines) in simulations run with mAHP time
constants of 40 and 115ms. With an increasing time delay, simulated grid cells show a slower rate of
phase precession, and are active for more theta cycles, resulting in larger grid fields and spatial
periods.
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D. Grid field size and spatial period (in arbitrary units) in simulations run with varying after-spike
conductance time constants. Field size (dots) is measured as the time from first to last spike within
one field, converted to space units by taking the amplitude of the head-direction input as
proportional to running speed. The sizes of all grid fields in each simulation are plotted, along with
the average (solid line) and standard deviation (dotted lines). Grid field spatial period (circles), the
distance between grid cell firing peaks, is plotted for each simulation. Several 15s simulations were
run and are plotted for each ADP time delay.

The other factor that had a large effect on grid field sizes was the time
constant of the simulated NMDA current. Without a long-lasting component to the
synaptic connections between grid cells, grid cells would not stay active for more
than one theta cycle, and thus no phase precession would occur. As the ADP was not
strong enough to initiate spiking by itself, depolarization from another source was
needed to cause a jump-back. The long-lasting effects of the NMDA currents
provided this depolarization in the simulations. Increasing the NMDA time constant
(Fig 3.5A) increased grid field sizes and the spacing between grid fields (Fig 3.5B).
This increase was observed even though the synaptic strength of the NMDA
component was decreased to keep firing rates constant. The longer-lasting
depolarization allowed the jump-back to return to neurons activated earlier in the
previous cycle, and allowed each grid cell to be active for a larger number of theta
cycles. Changing both the mAHP/ADP time constants and the NMDA time constant
together, provided a more than six-fold possible variability in grid spatial periods
(Fig 5C). Even though we have modeled these prolonged synaptic currents as NMDA
currents, other prolonged currents, such as the kainate currents found in layer III
neurons (West et al. 2007), could instead contribute to phase precession and to
determining grid field size. Our results with NMDA and ADP time constants suggest
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that multiple factors may be responsible for the change in spatial scale in different
parts of the MEC.

Figure 3. 5: Variation of NMDA time
constants in grid network simulations

A.
Excitatory
post-synaptic
potentials (AMPA and NMDA
component)
resulting
from
different NMDA time constants are
shown. The NMDA conductance is
decreased as the time constant is
increased, to keep firing rates of
grid cells constant.
B. Increasing NMDA time constants
in the simulated grid neurons
increased grid field size and spatial
period.
C. By changing both NMDA and
mAHP/ADP time constants, grid
field size and spatial period varied
by more than 6-fold.
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While the time constant of the H-current increases from dorsal to ventral
MEC, it is not clear whether it changes discontinuously, so that the mAHP would be
the same for all neurons within an attractor module of a particular scale, as we have
so far assumed. In fact, it appears that mAHP at similar dorsal-ventral MEC locations
may be quite variable (see below, Fig 3.8). To ascertain that the model can tolerate
different mAHP time constants between cells within the same attractor module, the
mAHP (and ADP) time constants were varied between cells within a grid cell
network. The mAHP time constant for each grid cell was chosen randomly from a
uniform distribution in a range of 20ms (and the ADP time constants were changed
in proportion to this value for each cell). These simulations showed that, while
different values of the mAHP (and ADP) time constants changed the firing rate of
individual cells within the grid cell network (in a range of about 5 to 10 Hz), the field
sizes of individual cells varied by at most 20%, and this variability showed no
relationship with the time constants of the individual cells. The grid field size and
spacing changed as a function of the average mAHP time constant of a given
attractor module, but did not change within single modules (Fig 3.6A). We further
varied the NMDA time constant within an attractor module (in a range of 100ms), to
ascertain that this parameter can be heterogeneous as well. In this case, the firing
rates of individual cells varied linearly with the time constant, covering a range of
about 4-12Hz, and the field size varied by about 15%. Again, the variability in grid
field sizes between grid modules is a lot larger than the variability within a module,
even though the time constants overlap significantly between modules (Fig 3.6B).
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This shows that field size is determined by not just the intrinsic properties of the
cell, but by the inputs it receives from other cells. The spacing between fields
especially, is a function of the average NMDA and mAHP time constants of all the
cells in the inter-connected network.
Figure 3. 6: Heterogeneous mAHP and
NMDA time constants within grid
network modules
A. The mAHP and ADP time constants of
individual grid cells were varied within each
inter-connected network. The average grid
field size and spatial period of each
individual neuron (over a 50s simulation) is
plotted according to the mAHP time constant
of that neuron. Each separate simulation,
representing a different grid module, had a
different average mAHP time constant, but
the distribution of time constants overlapped
between simulations. Each simulation is
plotted in a different color, showing that the
field sizes showed almost no overlap
between simulations, and no relationship
with time constant within simulations.
B. The NMDA time constant of individual
cells within a single simulation was varied.
Plotting the field sizes and spatial periods of
individual cells according to the NMDA time
constant shows that the field size varies
much more between network modules
(different colors) than within each single
module, and spatial period is the same
between cells within a module.

HD, grid and conjunctive cells in MEC all increase their firing rates with
velocity (Sargolini et al. 2006). To simulate changes in rat velocity, the amplitude of
the HD input was varied. Thus, we assume that self-motion signals provide input to
the conjunctive cells (possibly via head-direction cells). Increasing the HD input
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caused a linear increase in the firing rate of the conjunctive cells (Fig 3.7A).
Increased conjunctive cell firing caused the grid cell activity bump to move faster
(Fig 7B). This relationship was linear up to an input of about 7.5 mV (Fig 3.7C),
indicating that the amplitude of the HD input can be used to link rat speed to bump
movement through network states precisely in relation to actual movement in
space. Extrapolating this relationship showed that no net movement of the activity
bump would occur (which would correspond to the rat being motionless) when
conjunctive cells receive a head-direction input of about 0.6 mV. Although this level
of input was not enough to sustain a bump of activity for longer than half of a
second, other mechanisms, perhaps reduced feed-forward inhibition, which was not
simulated here, may sustain the bump when the rat is motionless. The headdirection input minus the 0.63 mV intercept was used as the rat speed (in arbitrary
units) to calculate the field size and periodicity (in arbitrary space units) from the
time spent in each grid field (time between first and last spike). Using this spatial
scaling factor conversion from rat speed to bump speed kept the spacing between
grid field nodes constant across simulated running speeds (Fig 3.7D). The spatial
scale of course depends on the time constants of grid cell currents (Figs. 4 and 5),
but also on the gain of the input from self-motion signals (Terrazas et al. 2005).
Information about the gain of the self motion input relative to the actual velocity of
the rat (slope and intercept determined above), is all that is needed to keep the
spatial scale constant across velocities.
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Figure 3. 7: Variation of head-direction input in grid network simulations

A. The amplitude of the HD input to the ‘north’ conjunctive cells was varied to simulate different
running speeds, resulting in a linear variation of the firing rates of the conjunctive cells and grid cells.
B. Examples of bump movement at the lowest and highest HD inputs analyzed.
C. The average slope of movement of the grid cell activity bump varied linearly with HD input. HD
inputs with amplitude lower than 2.5mV did not sustain an activity bump for longer than 4s.
D. Grid field size and spatial period as HD input was varied. The linear fit of the relationship between
HD input and average bump movement (in C) was used as the spatial scale to convert the time of
neural activity to the space covered in the environment (in arbitrary units).
E. A single simulation run with varying velocities and directions. The simulated path is plotted in
grey. The path simulated running along a linear track as a sine wave, with the frequency of the sine
wave (speed of running each lap) decreasing over laps. The spikes of a single neuron in the
simulation are plotted along the path. Field size decreased slightly over laps (increased with
velocity). There was some random drift in the movement of the activity bump, resulting in slight
shifts of field locations over laps. After a long period of low inputs (at the turn around point during a
slow lap), the bump collapsed, and thus the firing of all cells stopped (see text).

Unlike the spacing between grid nodes, grid field size is determined by the
jump-back of the activity bump in each theta cycle. This is because the first spike
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when entering the field occurs at the end of the look-ahead of the activity bump
during that theta cycle (just before the jump-back), and the last spike when exiting
that field occurs just after the jump-back in the last theta cycle in which this cell is
active (see Fig 3.2). Thus, the average distance moved in neural space from the
beginning to the end of a grid field is equal to the number of neurons over which the
jump-back occurred, and the distance the rat has moved in actual space over this
time is the jump-back multiplied by the spatial scaling factor. Thus, in order for grid
field sizes to stay constant, the jump-back must not change. However, this is not
guaranteed to be the case as inputs to the grid cells change with increased velocity.
Thus, the grid field size may change, even though the spacing between grid nodes
does not change, changing the proportion of the spacing between grid nodes in
which the cell fires. In the simulations, the jump-back, and thus the proportion of
spatial period in which a grid cell fired, increased slightly with head-direction input
(Fig 3.7D). This effect was stronger or almost absent, depending on the connection
strengths between simulated neurons (alternate connection strengths were
simulated but are not shown). The connection strengths modulated the jump-back
and the intrinsic oscillation frequency of the neurons, even though the time
constants of the ADP and NMDA currents were constant. Thus, these connection
strengths could be tuned in order for the network to have appropriate field sizes,
and to respond to changes in the HD input so that field sizes did not change with it.
Alternately, the jump-back (and thus field size) could be kept constant with HD
input by decreasing the ADP time constants as the HD input was increased (data not
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shown). Ion channels including the H-channel change their open time constants
with depolarization (Dickson et al. 2000; Giocomo and Hasselmo 2008), and thus
the time constant of the ADP and mAHP may actually change with increased input to
the neurons, resulting in constant grid field sizes. We tested this possibility in slices
of MEC by measuring the time constant of the mAHP at different depolarized
potentials (see below).
Finally, to determine if correct path integration would occur in a longer
simulation at varying speeds, a path of back and forth movement along a linear track
was simulated. The simulated track was 300cm long, and the simulated movement
was a sine wave (thus slowing down at either end of the track), with the time to
travel each lap decreasing across laps. The velocity required to travel along this path
was used as an input to the model, converting velocity (in cm/s) to a head-direction
input (in mV) by dividing the velocity by 7 (arbitrary factor chosen to allow the
simulation to represent the speeds at which rats commonly run, McNaughton et al.
1983) and adding the baseline input (0.63 mV) at a bump speed of 0, as determined
above. This simulation showed that the model could perform path integration even
when velocity varied. The spikes from one simulated grid cell are plotted on the
simulated path in Fig 3.7E. There was some random drift in the bump position
integrated by the model, with error accumulating at up to 10cm/s, which is ~15% of
the size of the grid fields simulated per second or 6.5% of the spatial period per
second. The only condition in which the error became systematic was at HD inputs
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of over ~8mV, where the neural activity bump started moving non-linearly faster
than the input.
This simulation of back-and-forth running also shows some interesting
predictions for grid fields in multiple directions of travel. As a result of the mAHP,
once a grid cell starts firing, it continues firing in future theta cycles, regardless of
the rat’s new running direction. Thus, if the rat turns around in the middle of a field,
the look-ahead activates cells ahead of the rat in the new direction, but the jump
back only activates cells that were activated previously, not the cells directly behind
the rat. In a 2-D environment or simulation, this may be seen as a sequence of cells
activated in a single theta cycle that represent positions in the same path the rat
took, such as around a corner, and not in a straight line. In the hippocampus, such a
phenomenon is observed when a rat turns around on a linear track within a place
field. Place cells that are otherwise unidirectional on a linear track exhibit
bidirectional firing when the rat turns around within the cell’s place field, indicating
an ‘inertia-like’ process (Redish et al. 2000), such as the ADP in this model, which
predicts a jump-back to previously activated cells, regardless of what is directly
behind the rat at the current time. In our 1-D simulations, neurons that were
activated for just one or two theta cycles before the turn around point, are not
activated again in the reverse direction, because they were not active strongly
enough for the jump-back to reach them (data not shown). In contrast, the
interference oscillator model predicts symmetrical grid fields in both running
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directions. The current model shows a look-ahead that is longer than the jump-back,
resulting in grid fields that are shifted in the forward running direction, and thus
asymmetrical in the two running directions (Fig 3.7E).

3.4.2 Analysis of ADP timing in MEC stellate cells
To test the hypothesis that after-spike potentials vary with the scale of grid
fields, we analyzed the mAHP in layer II stellate cells (a subset of the cells whose
membrane properties were reported by Giocomo et al., 2007). The time constant of
the mAHP differed in layer II stellate cells along the dorsal-ventral axis of MEC. Fig
3.8A shows examples of the mAHP from different dorso-ventral levels, when the
membrane potential was approximately -50 mV (between -53 and -48 mV). As
determined by the Kolmogorov-Smirnov test, the stellate cell mAHP time constant
was significantly shorter in dorsal MEC (dorsal mean τ ± SEM, 53.3 ± 4.8 ms and n
= 16;) compared to ventral MEC (ventral mean τ ± SEM, 70.5 ± 5.7 ms and n = 15;
p < .01) at an approximate membrane potential of -50 mV. The time constant
showed a range of 86 ms (from 32.6 to 118.9 ms) and systematically increased from
dorsal to ventral portions of MEC at multiple membrane voltages (-55 mV: r = .56,
slope = 17.7, p = 0.3263 and n = 5; -50 mV: r = .56, slope = 23.1, p < .05 and n =
31; -45 mV: r = .71, slope = 26.1, p = .06 and n = 11; Fig 3.8B, left). The mAHP time
constant did not significantly correlate with cell resistance (r2 = .0004) or firing
threshold (R2 = .004).
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Figure
3.
8:
Afterhyperpolarization
in stellate cells along
dorso-ventral axis of the
MEC
A. Examples of the mAHP
after a single action
potential
at
an
approximate membrane
potential of -50 mV. Faster
time constants for the
mAHP were observed in
more dorsal portions
(black) compared to more
ventral portions (gray) of
MEC.
B. The recovery time
constant of the AHP
increases along the dorsal
ventral axis of MEC at
multiple
membrane
potentials
(left).
The
recovery time constant of
the AHP shows a slight
decrease with membrane
depolarization (right).
C. The half-width of the
AHP increases along the
dorsal ventral axis of MEC
at multiple membrane
potentials (left). The halfwidth shows a slight trend
of
decreasing
with
depolarization (right).
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To test if the model could reproduce the range of experimental data that has
been recorded, the experimentally determined changes in grid spacing and mAHP
over dorso-ventral locations in MEC were compared to the modeled results. In the
supplemental material of Sargolini et al. (2006), the gradient in grid spacing along
the dorso-ventral axis of the MEC was fit with the following equation provided by T.
Hafting: G(z) = 30z + 37.09 (for grid spacing in cm; z is the distance from the
postrhinal border in mm). This indicates that the spacing between grid fields at the
postrhinal border is 37.09cm, and increases by 80.9% every mm. To better compare
the gradient in the mAHP time constant to the gradient in grid spacing, the mAHP
dorsal-ventral depth was re-scaled to indicate the distance from the postrhinal
border (at approximately 3.8 mm from the surface of the brain). The gradient for all
mAHP data was best fit by the following equation: τ(z) = 23.16z + 35.35 (τ in ms, z
in mm). In the model with heterogeneous mAHP and NMDA time constants, the
spacing between grid cells started at 13.9 (arbitrary units at mAHP = 40ms) and
increased by 30.5% for every 10ms increase in mAHP time constant (linear fit to Fig
3.6A). Plugging in the experimentally measured relationship between mAHP time
constant and dorso-ventral location in the MEC, this would predict a spacing
increase of 82.5% every mm. This is very similar to the experimentally determined
80.9% increase; however, different model parameters (including simply removing
the heterogeneity of mAHP time constants within a single module of the model; Fig
4D) greatly change this result. The linear fit to Fig 3.4D suggests an increase of
42.3% every mm. These results further support the finding that grid field spacing is
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not simply determined by the mAHP and many other factors contribute.
Importantly, however, an identical increase in grid spatial period to that observed in
the dorsal-most 1.5mm of MEC (Sargolini et al. 2006) can be achieved in one version
of the model, by simply increasing the mAHP time constant at the same rate as is
observed in the same region of the MEC.
In addition to a systematic change along the dorsal ventral axis, the time
constant of the mAHP showed a slight decrease with additional depolarization
(from -54 mV to -40 mV). To compare the effect of membrane potential on mAHP
time constant across multiple cells, the z-score of the time constant was computed
at each potential. The time constant for the mAHP decreased slightly with
depolarization (r2 = .13; Fig 3.8B, right). Although the decrease was not significant,
a decreasing mAHP time constant with depolarization is consistent with previous
research indicating a decrease in the time constant of Ih with depolarization (-50 to
-45 mV; Dickson et al., 2000, Giocomo & Hasselmo, 2008; Fig 3.8B). The mAHP halfwidth also increased from dorsal to ventral portions of MEC at multiple membrane
potentials (Fig 3.8C) and showed a slight trend with depolarization in the same
direction as the time constant of the mAHP.

3.5 Discussion
The model developed here accounts for the periodic structure of MEC stellate
cell firing fields using the Samsonovich & McNaughton (1997) framework with
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periodic boundary conditions. That model simulated movement of an activity bump
on a periodic place cell manifold by driving place-by-head-direction (conjunctive)
cells with an input proportional to running speed. Modulation of this input at the
theta frequency resulted in fluctuations of the bump speed within a theta cycle, but
no explicit ‘jump back’, and thus no phase precession. To account for phase
precession without spatially selective, external input to reset the bump location, we
assumed that an intrinsic cellular mechanism renders cells hyperexcitable at a
certain post-spike latency, so that the bump would reset at the end of the theta cycle
to an earlier location on the manifold. The mAHP and ADP observed in MEC stellate
cells appear to be good candidates for this mechanism, provided that their timing
properties vary appropriately along the dorsal-ventral axis of MEC. Post-spike
dynamics of MEC stellate cells recorded in vitro exhibited time constants and halfwidths of the mAHP that increased linearly in the dorsal-ventral direction, with a
resulting linear increase in the latency of the ADP. Using the observed parameter
values, we found that grid cell dynamics could be simulated rather faithfully,
including realistic phase precession, firing over the number of theta cycles observed
in dorsal MEC at various running speeds, firing fields that covered about half a grid
period, stable grid periods under changes in velocity, and variation in field size and
periodicity with changes in mAHP time constant (reflecting dorso-ventral variation
in grid characteristics).
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We believe that the major advantage of our model is its relatively simple
implementation of both network as well as intrinsic current dynamics to achieve
path integration and account for phase precession. Previous models of grid cells
have focused on either network properties (Fuhs and Touretzky 2006; Guanella et
al. 2007) or intrinsic, single cell properties (e.g. Blair et al. 2007; Burgess et al.
2007) to explain the firing properties of grid cells. Attractor models of path
integration are preferable to single cell models, because they are more robust to the
presence of noise (see Zilli et al. 2009 for an analysis of the effects of noise on
oscillatory interference models). Attractor models of path integration also predicted
a priori both the existence of theta- and speed-modulated conjunctive cells in MEC
and the quantization of grid scale (McNaughton et al. 2006), neither of which are
explicitly called for in alternative models (e.g. Burgess et al. 2007; Kropff and Treves
2008). Previous models with attractor network dynamics, however, did not account
for phase precession (Fuhs and Touretzky 2006; Guanella et al. 2007). Our current
implementation of an attractor network-like connectivity with intrinsic currents
expressed phase precession very similar to that observed experimentally in the
presence of noise, in contrast to previous grid cell phase precession models (Blair et
al. 2007; e.g. Hasselmo and Brandon 2008), and would theoretically produce omnidirectional phase precession in a 2-D implementation, without the need for any
external input or resets to correct for noise. Our 1-D simulations showed faithful
path integration of a varying velocity input over several minutes (Fig 3.7E).
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All of the basic elements implemented in this attractor network model
appear to be present in the MEC, including: the presence of conjunctive grid x HD
cells (Sargolini et al. 2006) and their connectivity to the layer II grid cells (Germroth
et al. 1989; Lingenhohl and Finch 1991; reviewed in Witter and Moser 2006), feedforward and feedback inhibition, prolonged excitatory currents (West et al. 2007),
and after-spike currents that change time constants along the dorsal-ventral axis
(shown here). As implemented, the model also posits recurrent connectivity
between grid cells. Although recurrent connectivity is more prominent in layer III of
the entorhinal cortex (Dhillon and Jones 2000), it has been observed between layer
II stellate cells as well (Kumar et al. 2007). Quantitative consideration of the torus
model suggests that actual connectivity is likely to be very low. In the present
simulations we used a Gaussian synaptic weight function; however, in a realistically
sized network, the weight function can be replaced by a probability function, with
binary weights. In the 1-D case, we succeeded in reproducing the dynamics with the
equivalent of about 15 percent connectivity. In a 2-D case, the probability would be
the square of 0.15 i.e., on the order of 2.25%. Given that there are non-grid cells in
layer II, which may or may not have recurrent connections; this fraction may be
lower still. Alternately, other network architectures, in which the bulk of the
recurrent connectivity would occur between layer III conjunctive cells (possibly a
sub-class of phase precessing conjunctive cells), could result in path integration and
similar properties of grid cells.
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This model proposes two causes of grid cell firing under the theta regime: the
after-depolarization potential, which causes cells active sometime in the past to
become active again, and conjunctive cells, which cause cells in the direction ahead
of the rat to fire. As a result of the two different causes for spiking, the model
predicts that spikes generated at different phases of the theta cycle (and different
locations in the field of a single grid cell), can have different properties, such as
precision of timing. Other grid cell phase precession models do not share this
prediction; they suggest the same mechanism causes spikes throughout the field
and thus predict a constant slope of phase precession (e.g., Blair et al. 2007; Burgess
et al. 2007).The distribution of spikes on a theta vs. position plot in fact appears to
have a different slope and width at early compared to late theta phases (Skaggs et al.
1996). This also predicts that place fields may be asymmetrical when traversed
from one direction compared to the other, as the early field spikes generated by
conjunctive cell inputs when the field is traversed in one direction, will be late field
spikes generated by the ADP when the same field is traversed in the other direction.
In our simulation of back-and-forth running (Fig. 3. 7E), fields are slightly shifted in
the direction of running, suggesting that the ‘look-ahead’ activated by conjunctive
cell inputs is longer than the re-initiation of spikes in grid cells via the ADP. Fields of
CA1 place cells also appear to be shifted in the forward running direction when
traversed from opposite directions (Battaglia et al. 2004).
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The two causes of grid cell spiking predicted by this model are also
consistent with models that suggest that the hippocampus is involved in prediction
of future events and sequence encoding (Jensen and Lisman 1996; Buzsaki 2006,
pp326-327). Spikes generated by the ADP can be thought of as “retrospective,” or a
cellular “memory” for the rat’s location in the past, and spikes generated by
conjunctive cells could be “prospective,” predicting the location in the future. This
mechanism would allow the grid cell network, or a network down-stream of it, to
strengthen the synapses between neurons representing sequences of visited
locations, by repeating this sequence multiple times during a single pass through the
locations (Jensen and Lisman 1996; Skaggs et al. 1996). Finally, an attractor map
model of grid cells is consistent with a planning function for the grid cell network
and down-stream structures, similar to the one proposed by Hopfield (2010).
Hopfield proposes that adaptation in an attractor map would cause the activity
bump to drift, thus “searching” the parameter space, possibly to locate a new path to
a previously visited goal, without the rat having to physically travel through the
space. The mAHP implemented in our model serves the same function as adaptation
in Hopfield’s model, in that it allows the activity bump to drift forward, in our model
also helped by inputs from the conjunctive cells. Thus the “look-ahead” in our model
could be described as a “mental time travel” of the attractor map locations just
ahead of the rat in Hopfield’s terminology. Also, in a regime other than theta during
active locomotion, for example sharp waves, the same attractor network with
adaptation (resulting from the mAHP or some other intrinsic current) could be used

103
to conduct this mental travel over longer distances and in random directions to plan
and encode future routes. Because the code for place is much less sparse in the MEC
than in the hippocampus, mental time travel (‘look-ahead’ or ‘sweep’) occurring
simultaneously in many modules of grid cells (each module encoding the
environment at a different spatial scale) would find the goal much faster than the
same ‘sweep’ across the hippocampal network.
The spatial scale of place and grid fields changes along the dorso-ventral axes
of both structures. Individual MEC grid cells, like hippocampal cells, also exhibit
changes in spatial scaling under a variety of conditions (Barry et al. 2007; Brun et al.
2008). In our model, spatial scale is determined by two factors: the gain of the selfmotion signal (velocity input), and the various after-potential and long-term
synaptic currents that result in a ‘jump-back’ of the neural activity bump. It is
important to note that many parameters contribute to the distance of the jumpback, and thus influence spatial scale. These include the mAHP and ADP time
constants, and the amplitude and time constants of synaptic currents (especially
long-term currents). In addition to the changes in time constant of the H-current
(Giocomo and Hasselmo 2008), and the mAHP time constant (Fig 3.8), synaptic
integrative properties of stellate cells also change along the dorso-ventral axis of the
MEC (Garden et al. 2008). Garden et al. (2008) did not look at long-lasting synaptic
currents, but they show that the time constant of AMPA currents increase in ventral
parts of the MEC. Changes to these parameters have not yet been induced or
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observed in individual cells in vivo, but a decrease in the gain of the self-motion
signal is induceable in rats by removing self-motion information derived from motor
and proprioception systems, which results in a large expansion of spatial scale in
hippocampus (Terrazas et al. 2005). In our model, this gain is the factor used to
convert bump movement along the neural ring (in neurons) to position in space
(cm). We assume that this factor comes from self motion signals that provide an
input to conjunctive cells (possibly via head-direction cells), which is linearly
related to the velocity of the animal. At present, little is known about how linear
motion signals reach the hippocampal system, although the mammilary nucleus anterior medial thalamus route is a possibility (Sharp and Turner-Williams 2005).
In the simulations, the relationship between input to conjunctive cells and
movement of the activity bump was linear over a large range of inputs, and as a
result, the spatial scale did not vary with the velocity input.
Grid field size (the proportion of a grid period over which a grid cell actually
fires), however, may vary independently of the spatial scale (grid spacing). Thus, for
example, field size can increase when the rat runs faster, without the grid period
(spatial scale) getting larger. If the field size changes, more neurons are active
simultaneously, but the population of neurons still encodes the position just as
accurately. Thus, this network attractor model predicts that while the spatial scale
and period of grid fields stays the same at different running speeds, grid field sizes
may increase with running speed, or they may stay the same. Our simulations
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support both possibilities. In order for field size to stay the same with velocity, the
‘jump-back’ must stay the same, even though the look-ahead increases with velocity.
Thus the ratio of theta frequency to intrinsic burst frequency of the grid cells has to
decrease as the rat runs faster. This means the time constants of the currents that
cause the re-initiation of spiking should decrease with running speed. These
currents could be either the intrinsic currents (ADP and mAHP), which do not
change significantly with depolarization (Fig 3.8), or the long-lasting excitatory
synaptic current, which could also change its time constants or conductance with
depolarization. Our simulations showed a slight increase in field sizes with velocity
input; however, we could find a linear relationship between the time delay of the
ADP and the changes in HD input that maintained field sizes constant with running
speed (data not shown). It is plausible that such a relationship could be tuned in the
MEC network during postnatal development.
Although it is known that firing rate increases with running speed in most
hippocampal formation neurons (e.g. McNaughton et al., 1983), there has been no
systematic study of the effect of speed on place field size, in the absence of other
possibly confounding variables. From a population vector analysis of the activity of
CA1 cells on a within theta cycle time scale, it has been shown that the look-ahead
increases as the rat runs faster on a linear track, as our model predicts, but the
jump-back may also increase, indicating that the intrinsic oscillation frequency does
not compensate adequately, and CA1 field sizes increase (Maurer 2008); however in

106
these studies running speed is confounded with position on the track and proximity
to reward zones.
The prediction that grid field size and spatial period vary independently can
be tested in conditions other than varying running speeds. The proportion of
spacing over which a grid cell fires can also change, for example as a result of the
interactions between the grid cell network and the rest of the hippocampal system.
Grid fields are expressed and show phase precession for some time after
hippocampal inactivation (Hafting et al. 2008), showing that this network can
function alone, but eventually grid cells cease firing, suggesting that hippocampal
input is not irrelevant. Such inputs might reset the path integrated grid fields, which
are subject to random drift, with information from external landmarks, and may
alter path integration by adding different information to the circuit (Burgess et al.
2007). For example, when a rat repeatedly follows the same route, place fields
expand opposite to the direction of running (Mehta et al. 1997). This could cause a
larger look-ahead in the grid cell network, because of greater input from place cells
ahead of the rat during the last part of the theta cycle. If this larger look-ahead does
not affect the average progression through grid fields, then grid cells would increase
the proportion of the grid period over which they fire in the direction opposite to rat
movement, but not the spacing between fields, and the path integrator would still
accurately encode distance traveled.

107
If, however, inputs from place fields are altered due to mismatch between the
path integrator and the external landmarks, then rescaling or shifting of grid fields
could occur (Samsonovich and McNaughton 1997). For example, if the active place
cells (or other neurons providing a feed back to the grid cell network) cause the
bump in the grid cell network to shift and stay ahead, the look-ahead would be
larger, but the inter-burst interval would not change. Thus the average progression
through grid fields will be faster, causing a smaller spacing between grid fields.
Since the inter-burst interval and jump-back would not change, grid field sizes
would also not change. Barry et al. (2007) conducted a study to cause such a
mismatch, in order to determine if grid fields are reset by place cells in response to
environmental landmarks. The grid cells in that experiment showed a rescaling of
50 percent of the resizing of the environment and then a gradual transition to
normal scale once the new environment became familiar. These data suggest that
the rescaling was not due to a resetting by landmarks (which should cause a 100
percent rescaling to the environmental boundaries and an abrupt change from
landmark-driven to path integration-driven field location), but by a global decrease
in the gain of the speed signal in the rescaled dimension. Since the novel
environment was smaller than the familiar one, the rat would have seen the walls of
the environment approach faster than expected, causing neurons tied to the
landmarks to activate sooner than the grid cells driven by path integration.
Feedback from landmark-driven cells would cause the look-ahead of the grid cell
network to be larger, causing a faster overall movement of the grid cell activity
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bump through network states, making the spacing between grid fields smaller. The
proportion of the spacing in which these cells fire would be larger, because of the
larger look-ahead, as appears to be the case in Barry et al. (2007). This value should
be measured in future experiments, since the possibility of its variation is a
prediction of our model but not of oscillatory interference models.
In conclusion, this model of a network with ring attractor connectivity and
intrinsic currents and our simulations of this model, generate three novel
predictions which can be tested experimentally. These predictions are different
properties of grid cell spikes during late compared to early parts of the theta cycle,
the potential for an independent variation of grid field size and spacing, and finally,
if field sizes remain constant with running speed, the model predicts a change in
time constant of after-spike currents, or amplitude of prolonged excitatory currents
at different running speeds. The first two predictions could be measured in multiple
phenomena already studied with electrophysiological recordings from the MEC of
behaving rats. The conjecture that grid cell spikes have different properties during
late compared to early parts of the theta cycle suggests, for example, that there is a
different slope of phase precession at entry into a grid field compared to the exit out
of a field, and that grid fields are asymmetrical in different running directions.
Independent variation in grid spatial period and field size could be observed, for
example, at different running speeds of the animal, or during experience-dependent
changes in field sizes.
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3.6 Methods

3.6.1 Simulations
An attractor map model of grid and conjunctive cells was created, with
connectivity according to the toroidal attractor map theory (Samsonovich &
McNaughton, 1997; McNaughton et al., 2006). For simplicity, the model was
implemented in 1-D, making it equivalent in terms of connectivity to the Skaggs et
al. (1995) ring attractor model for head direction cells (see also Zhang, 1996).
Grid and conjunctive cells were implemented as leaky integrate and fire
neurons, connected by synapses. The membrane voltage (V) of each neuron
dynamically changes as follows:

=

(

)+

where τm=10 ms is the membrane time constant, EL=-70 mV is the leak reversal
potential, and Es is the synaptic reversal potential, set at 0 mV for excitatory
synapses, and -80 mV for inhibitory synapses. Inputs from sources external to the
grid and conjunctive cell network, including initial input to grid cells to cause an
activity bump to form, and input about head-direction to the conjunctive cells (see
below for full explanation of head direction inputs) are modeled as external
currents (Rm Iext). Grid cells also had an intrinsic conductance, modeled to mimic
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the after-spike potentials of stellate cells, to generate intrinsic oscillatory activity,
which contributes to theta phase precession (see below). When the membrane
voltage reached threshold (-54 mV), a spike was recorded, and V was reset to -80
mV. Simulations were run in MATLAB, using the Euler method of integration.
AMPA synapses were modeled as conductance changes following a
presynaptic spike, with the proportion of open channels decaying as a single
exponential. Two ms after a spike occurred in a presynaptic neuron (j), the
proportion open channels in that synapse (pj) was set to 1, and then exponentially
decayed with a time constant of 10 ms. The weight of each synapse (wij) determined
its maximal conductance. Excitatory synapses were probabilistic. The probability of
transmission of each presynaptic spike was 0.5.
The synaptic connectivity was implemented as a ring attractor network. Grid
cells can be schematically arranged according to the relative phase offsets of their
grid fields. Because phase is periodic, the network boundaries are also periodic (i.e.,
a ring). Each neuron was connected to others with synaptic strength decreasing as a
Gaussian function of distance (see Fig. 3.1A, B). Interneurons were not explicitly
modeled, but inhibitory feedforward and feedback connections, with a delay of 4 ms
and a 10 ms decay time, were added between all groups of excitatory neurons, to
regulate the total activity of all grid cells and conjunctive cells. Thus, activity stayed
in a “bump” corresponding to one location (see Fig 3.3A). There were two groups of
conjunctive cells, each corresponding to opposite head directions (“north” and
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“south”), each of which contained the same number of neurons as there were grid
cells. Each grid cell had a synaptic connection to its corresponding conjunctive cell
in each group, as well as their near neighbors, with synaptic strength again falling
off with distance in a Gaussian manner (See Table 3.1 for parameters). Each
conjunctive cell had synapses onto the grid cells corresponding to a position offset
(11 neurons counterclockwise for the “north” conjunctive cells) from that
represented by the conjunctive cell. Again, there was a Gaussian spread of synaptic
connections to a group of grid cells. Inhibitory synapses were present on all
conjunctive cells and activated based on the activity of the conjunctive cells of both
groups, in order to allow only a small group of conjunctive cells of one head
direction to be active at a time (Fig 3.3.1C). Therefore, when a “north” head
direction input activated one group of conjunctive cells, the conjunctive cells
corresponding to the location of the activity bump in the grid cell network spiked,
and moved the bump in the counterclockwise direction (see Fig 3.3A). The synaptic
connectivity pattern modeled here was designed based on previous attractor
models of path integration (Samsonovich & McNaughton, 1997), with less attention
paid to evidence of actual connectivity patterns in the superficial layers of the MEC,
because this evidence is very limited. Other connectivity patterns that could create
an attractor network are plausible, however.
In addition to AMPA and GABAA – like synapses, NMDA synapses between
grid cells were simulated. A long-time constant current such as this was necessary in
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order to allow grid cells to be activated over multiple theta cycles. NMDA-like
synaptic events were activated every time an AMPA synaptic event at the same grid
cell-grid cell synapse occurred, thus also with a probability of 0.5 and 2 ms following
a presynaptic spike. The time course of NMDA channel opening was modeled as a
difference of exponentials (Destexhe et al. 1994; reviewed in Dayan and Abbott
2001, pp. 180-183), with a rise time of 2 ms and a fall time of 150 ms (or
somewhere between 125-500 ms in Fig 3.5). The maximal conductance (weight) of
these synapses was based on the weight of the AMPA synapses between the same
neurons, with a fixed NMDA:AMPA weight ratio for all grid cell to grid cell synapses.
(The NMDA weight was 2*wij in simulations in which the NMDA fall time constant
was 150 ms. The NMDA:AMPA ratio was changed with NMDA fall time to keep the
firing rates the same for all simulations in Fig 3.5). The conductance of NMDA
synapses also depended on the neurons’ voltage, based on the relationship
determined by Jahr and Stevens (1990; reviewed in Dayan and Abbott 2001, p.
180):

= 1+

.
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A magnesium concentration of 0.1 mM was assumed, giving the voltage dependency
of excitatory synaptic connections shown in Figure 3.1C.
Inputs to the model included a source of theta modulation, and a velocity
modulated head-direction input, both presented to the conjunctive cells. All
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conjunctive cells received an 8-Hz sine wave current input, 8 mV in amplitude,
throughout the simulation, causing the activity of the conjunctive cells to be “theta”
modulated. Head direction input was added to the model as a constant current input
into one group of conjunctive cells (usually the “north” conjunctive cells). The
amplitude of this input was varied from 1 to 8 mV, to simulate different running
speeds. Head direction cells in the MEC have been shown to be velocity modulated
(Sargolini et. al., 2006).
The medium after-hyperpolarization (mAHP), and after-depolarization
(ADP) phenomena of stellate cells were modeled in the simulated grid cells as
conductance changes following each spike. Since the mAHP is likely caused by the
closing of H-channels (Fransen et al. 2004), a conductance with a reversal potential
of -20mV was added to the grid cells. The leak reversal potential was changed to 80mV, and the H-conductance was set so that before a spike, the resting potential of
the cell remained at -70mV. Following each spike, the proportion of open Hchannels first decreased, to cause the mAHP, and then increased, to cause the ADP,
according to summation of the equations:

p

= 0.5

= 0.5

0.5 e
(

)

where t is the time following the last spike, and a, b, and c are time constants
representing the decay of the mAHP, delay of the ADP peak, and width of the ADP
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peak, respectively. These time constants were set to mimic the stellate cell afterspike potential data, and varied proportionally (from a=40, b=80, c=24 to a=115,
b=230, c=69) to represent changes in the H-current time constants along the
dorso-ventral axis of the MEC, resulting in the after-spike membrane potential
profiles shown in Fig 3.4A. Note that the mAHP and ADP were not modeled in the
conjunctive cells, based on physiological data showing the absence of H-current
dynamics and ADP in MEC layer III neurons (Dickson et al. 1997).
The movement of the grid network “activity bump” during a run of the
simulation was analyzed by calculating the position (neuron) of the center of mass
of the activity of all of the grid cells in every 10 ms bin. This position was then used
to linearize the movement of the bump along the circular arrangement of grid cells,
to determine cumulative movement. The movement within a theta cycle was
analyzed by aligning the average positions over every two theta cycles, and
averaging the activity in each of those two-theta-cycle periods over the entire
simulation. Grid fields were analyzed by finding the first and last spike during each
pass through the field for each neuron. Grid fields that began >100 ms after the
formation of the activity bump, and end <150 ms before the end of the simulation
were used. The time between the first and last spike of each field was used as a
measure of grid field size. The center of mass of the spikes within each field was
then found, and the peak of theta nearest to that center of mass was used to align all
fields to one another. This produced the Skaggs plot of theta phase precession
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(Skaggs et al., 1996; Fig 3.3C). The spike time relative to the center of mass of the
field the spike belonged to was plotted versus the theta phase of that spike to create
the theta phase versus position plots (Fig 3.3E).
The average autocorrelation of all grid cells was used to determine the
intrinsic oscillation of the grid cells and grid field spacing in each simulation. Two
oscillations were evident in the autocorrelation: an inter-burst frequency of
~120ms, within a slower beat frequency that indicated the spacing of the grid fields.
The autocorrelation was convolved with a hanning window of 25 ms, to extract the
intrinsic oscillation peaks. Grid field spacing was determined by convolving with a
hanning window of the grid field size.

3.6.2 Slice Physiology
Methods for slice physiology and stellate cell in vitro whole-cell patch clamp
recordings have been described previously (Giocomo et al., 2007).

A total of 46

stellate cells were analyzed. Of the 46 cells, 25 came from the dorsal portion of MEC
(3.8-4.9 mm from the dorsal surface of the brain) and 19 came from the ventral
portion of MEC (5.0-6.0 mm from the dorsal surface of the brain).
All experimental data were analyzed in MATLAB. To determine the time
constant of the medium AHP and characteristic of ADP the portion of the AHP just
after a single action potential was fit with the following dual exponential equation:

V (t )  V (0)  z(

 R O
)( e t / R  e t / O )
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where V(t) is the membrane potential as a function of time (t). V(0) is the baseline
membrane potential (corresponding to the initial value and eventual highest
positive value reached after the mAHP). z is a constant used as a scaling factor
proportional to the magnitude of the mAHP. τO is the measured onset time constant
(rate of hyperpolarization), and τR is the time constant of recovery (depolarization)
back to the initial membrane potential value. To determine the half width, the
trough value and eventual highest positive value reached after the mAHP (as
determined by the time constant fit) were used to determine the time point (half
max) where the width of the AHP was measured. For time constant data, analysis
was used from cells which had > 5 action potentials with good fits, as determined by
an average adjusted R squared of > .85. The average number of spikes analyzed was
22 +- 2. Spikes were analyzed that came from portions of the data where the cell
was near its firing threshold (-55 to -40 mV). Data analysis was conducted using
MATLAB (Mathworks) and Excel (Microsoft). To test the difference between
samples (e.g. dorsal versus ventral) the nonparametic Kolmogorov-Smirnov (ks)
test was used. Correlations were tested using the Spearman’s rank correlation
coefficient. For all analysis, a value of p < .05 was considered significant. Regression
lines were constructed using the least squares method in Microsoft Excel and the r
values are reported.
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3.7 Supplementary Background
Stellate cells in layer II of the MEC can be differentiated from pyramidal cells
in in vitro recordings by their subthreshold oscillations, and inward rectification at
hyperpolarized potentials (Klink and Alonso 1993). The inward rectification is
observed experimentally during a hyperpolarizing current pulse. The voltage drops
as a result of the current pulse, but then recovers partially, creating a depolarizing
“sag” in the voltage trace. The inward rectifying current takes time to activate and
deactivate, resulting in a time-dependent sag and a depolarizing rebound after the
end of the current pulse. Both the inward rectification and subthreshold oscillations
of stellate cells are thought to be caused by Ih (Klink and Alonso 1993), a
hyperpolarization activated inward current, implicated in generation of rhythmic
activity in numerous brain regions as well as the heart (for review, see Luthi and
McCormick 1998).
The h-channel responsible for this current allows passage of sodium and
potassium, and has a reversal potential of -20mV. This channel is activated at
voltages below -45mV (Dickson et al. 2000). Thus, at resting potential, h-channels
are active and allowing a slight inward current. Following a depolarization (such as
a spike), the h-channels deactivate, allowing the membrane to hyperpolarize
compared to resting potential. Once the membrane re-polarizes below -45mV, the hchannels activate again. The activation of the channels depends on the membrane
potential; at hyperpolarized potentials, more h-channels are active than at rest,
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causing a rebound of the membrane potential after a hyperpolarization. In
combination with the persistent sodium current, Ih is hypothesized to be
responsible for the cycles of depolarization and hyperpolarization that are observed
in in vitro recordings of stellate cells (Dickson et al. 2000; Fransen et al. 2004).
The time constants of the h-channels’ activation and deactivation determine
how long the after-hyperpolarization and depolarization caused by the h-current
last. The time constants of the h-current vary along the dorso-ventral axis of the
MEC – they are longer in ventral MEC stellate cells (Giocomo and Hasselmo 2008).
This variation in the time constants is thought to be responsible for the variation of
the frequency of the in vitro oscillation, the sag potential, and the resonance
frequency of stellate cells (Giocomo et al. 2007), and as we suggested in this paper,
the timing of the medium after-hyperpolarization and after-depolarization
phenomena.
The mAHP and ADP modeled in this paper were a simplified version of the hcurrent, in that they were not voltage dependent, but instead triggered by a spike,
and completely dependent on the time since that last spike. The reversal potential of
the modeled h-current was -20 mV, and the conductance was 0.2 nS in the absence
of a spike, reducing to zero immediately following a spike, then increasing, with a
rebound for the ADP, and finally returning to the rest value.
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3.8 Epilogue
Since the publication of this paper, it has been shown that place field size
does not vary with running speed (Maurer et al. 2012). This finding is consistent
with the prediction of the model, that field size could increase or stay the same
depending on synaptic parameters. If grid field size stays the same with running
speed as well, then the model is consistent with the data, however, the prediction
that field size can vary independently of grid spacing cannot be tested with the
simple manipulation of running speed. This prediction can still distinguish the
attractor-based path integration model from the oscillator-based path integration
models, however. One remaining way to test the prediction, as stated in the paper, is
during the manipulation of the size of a familiar environment, as in Barry et al.
(2007), which changes the sizes of grid fields (and appears to change the grid
spacing differently than the size of the fields). Another possibility is that
manipulating the firing rate of grid cells might change field size (but not grid
spacing, we predict).
An additional new finding since publication of our model was the discovery
of the frequency modulation of theta cells by direction of motion (Welday et al.
2011). Such modulation was predicted by the oscillatory interference models
(specifically by Blair et al. 2007; Blair et al. 2008), and provides strong evidence for
this class of model. In order for theta oscillators to summate to create an envelope of
activity that is linked to a location in 2D space, the oscillation frequencies need to be
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modulated not only by velocity, but also by the direction of motion. Three oscillators
whose oscillation frequencies are modulated each in a different direction of motion
(60 or 120 degrees apart), will summate to create hexagonally spaced firing fields.
Welday et al. (2011) discovered that the frequency of theta cells in the medial
septum, anterior thalamus, as well as hippocampus is modulated by heading
direction as required by the models. The “theta cells” used in this analysis were
extra-cellularly recorded neurons from those three brain regions that fired at high
rates (>10Hz at all times), and showed no spatial tuning (<0.1 spatial information
bits per spike). A high proportion of all of such cells showed significant directional
frequency tuning during at least one recording session (19 out of 21 cells, most of
which were recorded for multiple sessions; 31 of 45 recording sessions met the
criterion). The authors were not able to differentiate specific types of fast-spiking
cells, or show if one of the studied brain regions exhibited more directional
frequency tuning than another. It remains to be determined which specific type of
cells show this kind of tuning. The authors show that the summation of spike trains
similar to those generated by these theta cells can create the firing fields not only of
grid cells, but also place and border cells.
Two experimental findings that the oscillator model does not account for
remain, however. One is that the summation of three of these theta cells creates
phase precession in one direction of motion through a firing field (as the oscillators’
frequencies are faster than the reference theta frequency in that direction), but in
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the opposite direction of motion the same summation would create theta phase

procession (because the oscillators’ frequencies would have to be slower than the
reference frequency in that direction: Burgess 2008; Welday et al. 2011). Burgess’
(2008) solution to this problem, that six oscillators would be used to for the
generation of each grid field, and all of them would be prevented from firing at
slower than the reference theta frequency, adds complication to the model. Without
preventing the six oscillators from influencing the grid cell at slower than reference
frequency, the firing of the grid cell would be theta phase locked. An additional
problem with a purely oscillator interference model is that the “look-ahead”
observed in the activity of the grid and place cell population within a theta cycle (as
well as the phase precession pattern of a single cell) would be strictly linear. In
experimental data, it appears exponential, as it did in our attractor-based model.
For these reasons, it is still likely that an attractor-like connectivity of the
grid cell network influences the activity of grid and place cells, possibly in addition
to inputs from “theta cells.” Each model provided a prediction that the other did not:
the toroidal attractor model predicted the existence of neurons conjunctive for grid
location and head direction, as well as grid scale quantization, and the oscillator
model predicted the existence of theta cells with frequency modulated by running
direction. Perhaps theta cells provide the input that creates the envelope of grid
(and possibly place) cell activity during navigation, but conjunctive cells provide the
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input that generates the look-ahead, and influences grid and place cell activity
during non-theta states, such as sharp waves.
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CHAPTER 4: THE HIPPOCAMPUS: COMBINING SELF-MOTION
INTEGRATION AND LANDMARK INFORMATION
4.1 Combining MEC inputs
Since the discovery of grid cells, it has been shown that place fields can be
generated from a combination of grid fields of different spatial scales (McNaughton
et al. 2006; Rolls et al. 2006; Solstad et al. 2006; Franzius et al. 2007; Molter and
Yamaguchi 2008; de Almeida et al. 2009; Savelli and Knierim 2010). For example,
Solstad et al. (2006) determined that summing up the spatial firing of 50 or more
grid cells of different spatial scale, different grid orientations, and similar phase, and
applying global inhibition resulted in the formation of single place fields in large
environments. Other models suggested that competitive learning would optimize
the connectivity that would produce single place fields from the summation of grids
(Rolls et al. 2006; Franzius et al. 2007; Savelli and Knierim 2010). De Almeida et al.
(2009) used many known parameters of the synapses from MEC grid to dentate
granule cells to predict the firing of granule cells, and found place fields very similar
to those actually observed in dentate recordings. One property that was most
responsible for the irregular, focal place fields of granule cells was feed-back
inhibition at gamma frequency in the granule cell layer. Unlike the global inhibition
of the other models, this inhibition ensured that at a given time, only some granule
cells could be active: the ones receiving within a certain percentage of the maximal
input, a percentage determined by the integration time of granule cells and the delay
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of feed-back inhibition. This model also accounts for the finding that only a few
granule cells are active in a given environment, but the cells that are active often
have multiple place fields, and are more likely to be active in other environments
(Leutgeb et al. 2007; but see Neunuebel and Knierim 2012). In the model, this
results from the fact (reproduced from data) that synapses have a large variability
in their synaptic weights: a small number of synapses have a large impact on the
firing of a dentate granule cell, and the many other synapses generate only small
EPSPs. As a result, the neurons that happen to have a larger number of the stronger
synapses are more likely to be active in all environments. The competitive learning
models showed an increase in number of fields and field size with learning (Rolls et
al. 2006; Franzius et al. 2007; Savelli and Knierim 2010), which, according to the de
Almeida results, may be accounted for simply by the existence of variability in
synaptic strength after learning. All of these models only accounted for synapses
from MEC to hippocampal cells, and were able to produce realistic place fields.
4.2 LEC inputs
In addition to the medial entorhinal cortical grid cells, the hippocampus also
receives equal inputs from lateral entorhinal cortex. These inputs are to the outermost part of the dendrites of DG and CA3/2 cells, and so may have less influence
than the MEC inputs, or similar influence given the additional channels and active
propagation mechanisms present in the outer dendrites (see chapter 1).
Additionally, interneurons targeting the different layers of the dendritic trees may
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“gate” which inputs are received at which time. Unfortunately, not much is
understood about the coding of the LEC neurons. The LEC is thought to be involved
with the recognition of object-place relationships. The firing of LEC neurons is not
place specific in either cue-poor (Hargreaves et al. 2005) or cue-rich environments
(Yoganarasimha et al. 2011), but it does become specific when objects are present
in the navigatable environment (Deshmukh and Knierim 2011). The spatially
localized, object-related firing of LEC cells does not, however, move with specific
objects in the environment (Deshmukh and Knierim 2011). Unlike place and grid
cells, the firing of LEC cells may vary from session to session, even if nothing
changes between those sessions (Deshmukh and Knierim 2011). A small percentage
of LEC neurons have been observed to fire in locations in which objects used to be,
but have been removed (Tsao et al. 2011). The lack of understanding of the firing
correlates of LEC cells make it very unclear how this firing may influence
hippocampal cells. Models have had to make assumptions about how sensory
landmark information is encoded.
4.3 Sensory inputs
Many hippocampal researchers have attempted to model place field
generation from inputs related to sensory landmarks (e.g. Zipster 1985; O'Keefe
1991; Sharp 1991; Burgess et al. 1994). For example, Sharp (1991) modeled
learning through two input layers to the hippocampus to generate place-related
firing. The first input layer contained information about objects located in the
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environment. Half of these simulated input neurons contained information that was
local-view specific, such that the orientation of the simulated rat in addition to its
location determined which of these neurons were active. The other half of the input
neurons responded based on the identity of the nearest objects, irrespective of the
orientation of the rat. This assumes an allocentric representation of visible objects,
such that the neurons are responsive to objects at a particular distance regardless of
the rat’s head orientation to them, or possibly represents responses to auditory or
olfactory stimuli, which would not vary much with orientation. The second layer
was assumed to be the entorhinal cortex, which creates some kind of conjunctive
representations of the objects, and projects to the hippocampus. Only a few neurons
in each of the entorhinal and hippocampal layers were allowed to be active
simultaneously, by competitive mechanisms which simulated feed-forward and
feed-back inhibition. Synapses to both layers underwent Hebbian plasticity.
Through traversal of a simulated environment with several sensory cues, the model
hippocampal units developed firing patterns that resembled place fields. Learning
mechanisms were required for the cells to show single place fields, but it didn’t take
long to develop these fields, which were then stable over subsequent “sessions.”
During random and omni-directional traversals of the simulated environment, most
simulated cells developed place fields that were omni-directional. When the
simulated traversal of the environment was restricted to particular paths, such as
inward and outward on an 8-arm maze, most cells developed unidirectional fields.
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This is consistent with data of rats traversing familiar environments (e.g.
McNaughton et al. 1983).
Despite the success of models in generating place fields solely from sensory
information about landmarks, experimental data shows that the integration of selfmotion cues is crucial to at least the initial formation of place fields. Place cells fire
in the location in which they form a place field during the very first traversal
through that region ~75% of the time (Hill 1978: 78.5%; Wilson and McNaughton
1993 (during first 10 min): 75%; Frank et al. 2004: 76%, data from Chapter 5:
73.5%). Long-term potentiation of synapses is not necessary for the formation of
stable place fields, only for the recall of previously formed place fields in familiar
environments (Barnes et al. 1997; Kentros et al. 1998). Both of these findings show
that the initial formation of fields relies on pre-formed synaptic connections (such
as those proposed by path integrator models), and not on learning. Further, place
field formation or stability does not require visible landmarks. Place fields form
normally in the dark, and remain stable when the lights are turned on while the rat
is still in the environment (O'Keefe and Speakman 1987; Quirk et al. 1990; Markus
et al. 1994). When self motion cues are removed, on the other hand, the firing of
place cells is affected dramatically. When a rat is restrained and thus prevented
from movement, its place cells do not fire at all when the rat is placed inside the
cell’s firing field (Foster et al. 1989). When the rat is taught to move around a track
by pushing a lever that moves the platform it is standing on, it is able to navigate
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correctly to a rewarded location, but its place fields get dramatically bigger
(Terrazas et al. 2005). In the latter study, the rat had no ambulatory motion signals,
because it was not moving its limbs, but it did have optic flow and vestibular
information to monitor movement. When vestibular information was removed as
well (the lever moved the cues around the rat, but the rat remained stationary), the
place fields got even bigger. Thus it appears that the rat uses all three self-motion
cues to integrate its movement in space and form place fields (McNaughton et al.
1996; Terrazas et al. 2005). If landmarks had been used to determine place field
location, the place fields would have remained in the same locations and of the same
size as they had been when the rat was walking through the environment.
Landmarks and sensory cues become important in determining place cell
firing in familiar environments. In path integration models, sensory cues can be
used to reset the path integrator coordinates to correct for random drift, or when an
animal is reintroduced into a familiar environment or gets lost. Demonstrations of
this “reset” caused by changes in sensory stimuli in experimental studies are usually
referred to as global remapping or switching of reference frames, and have already
been described in Chapter 2. For example, in Gothard et al., (1996a), when the rat
encountered the goal box moved to a new location, its place cell representation
abruptly shifted from the coordinates of its location in the room reference frame, to
the original coordinates of the box. In addition, other conditions than those modeled
in most path integration models cause the rat’s place cell network to rely on sensory
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cues, including conditions in which path integration and sensory cues are
mismatched, and when familiar environments are distorted in size.
Bures and colleagues (1997; Zinyuk et al. 2000) created a mismatch between
sensory cues and rats’ own integration of self motion (ideothetic cues) and tested
which set of cues the rats used for navigation. The rats initially foraged on a
stationary platform to learn the environment, and then the platform was rotated
slowly to create a mismatch between the two sets of cues. Behavioral data suggested
that the rats associate important information about the environment with both
ideothetic and sensory cues independently, without being required to do so by the
task (Bures et al. 1997). The rats were trained, on a stationary platform, to avoid a
particular region in space, because they would receive a foot-shock in that location.
Then, the shock zone was eliminated, the lights were turned off, and the platform
started rotating (all simultaneously, without removing the rat from the
environment). The rats continued to avoid the region of the platform they had
learned contained a shock, for several minutes. Once the avoidance of that zone was
extinguished, the lights were turned back on, and the platform continued rotating. In
this condition, the rats avoided the region of space that had been shocked, as it had
been defined by the cues. If the first extinction period occurred in the dark, but on a
fixed (not rotating) platform, by contrast, no avoidance recurred once the lights
were turned on. Thus, the behavior of the rat is guided by both ideothetic and
sensory landmark cues, separately when they are mismatched. The question then
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becomes, which set of cues guides the formation of place fields? Place cell
recordings suggest that when these two types of cues are mismatched, most place
fields (measured over an entire session) degrade (Bures et al. 1997; Zinyuk et al.
2000). The removal of the conflicting sensory cues (turning off the lights), or the
addition of another sensory cue that follows the ideothetic cues (rotates with the
platform), induces the place cell firing to follow the ideothetic information (Bures et
al. 1997). If the animal is trained to perform a navigation behavior that induces it to
follow the sensory cues, then the majority of place cells fire in relation to the
sensory cues, but some cells still fire in relation to the ideothetic cues or correlate
with both rotating and fixed reference frames (Zinyuk et al. 2000). The conclusion is
that place cell firing can be induced to follow either ideothetic, or sensory cues, but
it is more likely to follow ideothetic cues. Further work showed that simultaneously
recorded CA1 place cells follow one or the other set of cues at a given time, but can
switch back and forth between the two reference frames, when both are important
to the task being performed (Kelemen and Fenton 2010).
In some experiments, when a rat explored an environment surrounded by
walls, and was later placed inside a similar environment, but of different dimensions
(in the same recording room), the firing fields of place cells scaled with the
dimensions of the environment (Muller and Kubie 1987; O'Keefe and Burgess
1996). This finding prompted the development of a theory of place field formation
based on relations to boundaries of the environment (Hartley et al. 2000; Barry et
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al. 2006). This theory predicted the existence of “boundary vector cells,” which
would respond to the presence of an environmental boundary in a particular
compass direction, and at a particular distance from the rat. The summing of activity
from multiple boundary vector cells would then form place fields. Boundaries of the
environment indeed seem to have a special role for the path integration system,
given the existence of “border cells” in the MEC (Solstad et al. 2008). Border cells
fire when a rat is next to a border (both a wall, as well as the edge of a platform) at a
particular compass direction (i.e. one border cell will fire when the rat is next to a
border to the north of the rat). When a new border is introduced into the
environment, the cells responsive to borders in that direction will additionally fire
near the new border. The boundary vector cells that were predicted by this model
were also discovered in the subiculum of the rat (Lever et al. 2009). These cells fire
not only directly next to borders, but at some specific distance away from borders.
The boundary vector cell theory presents a compelling model for the generation of
place fields, because learning about boundaries of the environment is in fact
important to navigation, and the existence of border and boundary vector cells
suggests a special role for this particular class of landmark in navigation. Unlike the
environments in experimental apparatuses, however, natural environments do not
usually contain borders at regular intervals, and thus place cells cannot completely
rely on borders to define each space. The firing fields of grid cells were also shown
to scale with changes in scale of the environment (Barry et al. 2007). However,
these changes in scale were experience-dependent, in that the rescaling occurred in
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the familiar environment, and not in the novel one, regardless of whether the square
or rectangle was experienced first. Additionally, the grids rescaled by about 50% of
the rescaling of the environment (as did place fields in the original finding: Muller
and Kubie 1987), suggesting that they were not completely driven by the
environment change, instead the change in size may have represented a
compromise between sensory and path integrator inputs (see Chapter 3 discussion
for a possible mechanism).
Finally, sensory cues have influence over the in-field firing rates of place cells
(O'Keefe and Conway 1978; Hetherington and Shapiro 1997; Leutgeb et al. 2005b;
Leutgeb et al. 2006). Rate remapping is thought to be caused by inputs from the LEC
to the hippocampus, because MEC grid cells do not show rate remapping (Fyhn et al.
2007). Renno-Costa et al. (2010a) have expanded the model for forming dentate
granule cell fields from grid cell fields (de Almeida et al. 2009) to account for rateremapping, by adding hypothetical LEC inputs. They modeled two sensory
environments, such as those used in the environment morphing studies (Leutgeb et
al. 2005a; Colgin et al. 2010). Grid cell activity was identical in both environments,
while LEC cell activity was modeled as a random, slightly spatial firing pattern,
which differed between the two sensory environments. Hundreds of simulated grid
cell and LEC inputs were combined in a dentate cell, and feed-back-like inhibition
was applied (as in de Almeida et al. 2009, see above). This model provided two
predictions for LEC firing: different sensory conditions must result in a different
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spatial distribution of LEC firing (if only the firing rate over the whole environment
differs, rate remapping in DG is much smaller than what is observed), and should
show an abrupt transition at some point during morphing between the two sensory
conditions. This model also suggested that grid cells should contribute less (about
1/3) of the total entorhinal input to the DG, than the putative LEC inputs.
4.4 Behavioral variables
In addition to sensory cues in the environment, aspects of the behavior the
animal is performing in the environment affect place cell firing. Many aspects of the
behavior, such as the goal the animal is currently heading to, or the start location
only have a small affect on the firing rate of the place cells, and not on the locations
in which they fire (e.g. Wood et al. 2000). The biggest differences in place cell firing
occur between when a rat was randomly foraging in an environment, and when it
was following a specific trajectory toward known reward locations in the same
environment (Markus et al. 1995). As originally described, these changes included
place cells that stopped firing in the same location, and place cells firing in a novel
location when the rat started performing the trajectory-following task, however, the
findings were purely descriptive, and have yet to be analyzed quantitatively.
Interestingly, the place cells fired in different locations when traversing the same
path in opposite directions (Markus et al. 1995). This is consistent with the findings
that place cell firing is not correlated in opposite running directions on a narrow
track (McNaughton et al., 1983). This finding appears to conflict with the path
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integration model of place field generation, and supports local-view based models
(see above). A proposed explanation for this finding has been that separate
hippocampal “spatial reference frames” are active when the animal is running a
specific path toward a goal (Touretzky and Redish 1996). Empirical evidence for
separate spatial reference frames being activated at the turn-around point of a maze
(i.e. global remapping) has not been found in the hippocampus, however (Redish et
al. 2000). It needs to be determined what conditions cause the changes in
hippocampal firing or switch between spatial reference frames. Many authors cite
differences in the goal location, but this does not always result in differential firing
(e.g. Bower et al. 2005). Importantly, the striatum, which is associated with
encoding behavioral aspects of the tasks, such as goal locations, and progression
through a sequence of behaviors, does not project directly to the hippocampus.
Another aspect of these findings that needs to be studied is changes during learning:
does hippocampal firing differentiate these conditions during learning about the
conditions, or is another brain region responsible for learning the tasks, and the
hippocampus only later develops differential firing? Changes in hippocampal firing
with learning will be discussed in the following two chapters.
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CHAPTER 5: DEVELOPMENT OF DIRECTIONAL FIRING IN CORNU
AMMONIS PLACE CELLS
5.1 Preface
This chapter is from the published article Navratilova Z, Hoang LT, Schwindel
CD, Tatsuno M, McNaughton BL. Experience-dependent firing rate remapping
generates directional selectivity in hippocampal place cells. Front Neural Circuits.
2012. 6:6. Epub 2012 Feb 21.
5.2 Abstract
When rodents engage in irregular foraging in an open field environment,
hippocampal principal cells exhibit place-specific firing that is statistically
independent of the direction of traverse through the place field. When the path is
restricted to a track, however, in-field rates differ substantially in opposite
directions. Frequently, the representations of the track in the two directions are
essentially orthogonal. We show that this directionally selective firing is not hardwired, but develops through experience-dependent plasticity. During the rats’ first
pass in each direction, place fields were highly directionally symmetric, whereas
over subsequent laps, the firing rates in the two directions gradually but
substantially diverged. We conclude that, even on a restricted track, place cell firing
is initially determined by allocentric position, and only later, the within-field firing
rates change in response to differential sensory information or behavioral cues in
the two directions. In agreement with previous data, place fields near local cues,
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such as textures on the track, developed less directionality than place fields on a
uniform part of the track, possibly because the local cues reduced the net difference
in sensory input at a given point. Directionality also developed in an open
environment without physical restriction of the animal’s path, when rats learned to
run along a specified path. In this case, directionality developed later than on the
running track, only after the rats began to run in a stereotyped manner. Although
the average population firing rates exhibited little if any change over laps in either
direction, the direction-specific firing rates in a given place field were up- or downregulated with about equal probability and magnitude, which was independent in
the two directions, suggesting some form of competitive mechanism (e.g., LTP/LTD)
acting coherently on the set of synapses conveying external information to each cell.

5.3 Introduction
Principle neurons in the hippocampus proper exhibit activity correlated with
the location in which an animal is located (O'Keefe and Dostrovsky 1971). In an
open environment, when an animal is moving around in a random path, such as
while foraging for food, the majority of place cells fire at rates that are independent
of the direction in which the animal is passing through the cell’s ‘place field’ (Muller
et al. 1987). These findings are consistent with the predominant view of the
hippocampus encoding an allocentric representation of space (O’Keefe and Nadel
1978). It is clear that the hippocampus is necessary for spatial memory (e.g. Morris
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et al. 1982); however, the degree to which this structure encodes changes in sensory
cues or behavioral contingencies occurring in a single spatial environment is still
debated (e.g. Eichenbaum et al. 1999).
One view is that the selection of which hippocampal cells fire at a given
location is initially determined by path integration mechanisms (McNaughton et al.
1996), whereas sensory information that may vary at that location may become
associatively linked to the selected cells, thus enabling future correction of path
integrator errors. Such associative linking would typically not involve changing the
membership of the active population (which would be considered ‘global
remapping’), but could affect their relative firing rates ('rate remapping'; Leutgeb et
al. 2005b). Global remapping is typically induced when a rat is transferred between
separate, distinct, recording rooms (Leutgeb et al. 2004), when the rat locomotes
between two boxes (Skaggs and McNaughton 1998; Colgin et al. 2010), or when a
large mismatch is introduced between its path-integrated heading direction and
familiar visual landmarks (Knierim et al. 1998; Fuhs et al. 2005). In addition to local
sensory information, internal information such as working memory, current goals,
behavioral set, and possibly even circadian rhythms may also affect firing rates
without significantly changing the locations at which the hippocampal cells fire
(O'Keefe and Conway 1978; Hetherington and Shapiro 1997; Wood et al. 2000;
Leutgeb et al. 2005b; Leutgeb et al. 2006; Sparks et al., 2010).
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A long unresolved problem with the mainly allocentric view of hippocampal
place cells has been that whereas, in an open environment, a large majority of place
cells exhibit firing that is not direction specific (Muller et al. 1994; Markus et al.
1995), on a track that is repeatedly traversed along a specific path, the activity of
place cells in each direction differs substantially (McNaughton et al. 1983; Muller et
al. 1994). In addition to the configuration of the traversable portion of the
environment, the task the animal is performing also affects directionality of place
cells: if the animal is repeatedly running a path between specified goal locations
even in an open environment, the place cells show distinct directional firing
(Markus et al. 1995). Interestingly, the presence of many local cues on the track
reduces the difference in firing between the two running directions (Battaglia et al.
2004), but the complexity of distal room cues appears not to affect directionality
(Markus et al. 1995).
Recent findings suggest that the firing of ‘grid cells’ in the medial
entorhinal cortex is generated by path integration and is the primary source of
relative position information to the hippocampus (Hafting et al. 2005; Fyhn et al.
2007). Also notably, under conditions that induce rate remapping in hippocampal
cells, grid cells do not exhibit changes in firing location or relative firing rate;
however, conditions that induce global remapping in hippocampal cells also induce
global remapping in grid cells (Fyhn et al. 2007). Overall, current data suggest that
path integration occurs in the medial entorhinal cortex (McNaughton et al. 2006),
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and this information is then passed on to the hippocampus, which can combine it
with other information, such as landmarks or other spatial cues, and task demands
or other internal state variables, to form a conjunctive code for locations and the
events that occur there (Leutgeb et al. 2005b).
Path integration by the medial entorhinal cortex does not, however, explain
why the place cell activity in two running directions on a track is so different, while
the activity in an open environment is essentially independent of direction of travel.
In the current study, we recorded from hippocampal cells while a rat traversed a
circular track in both directions, beginning with the very first time that the rat had
experienced the track in a given spatial context. We observed that while the track
was novel to the animal, the two running directions were in fact highly correlated.
After repeated traversals of the track, the firing rates of place cells changed in both
running directions, becoming highly dissimilar by the end of the session, as previous
studies had shown. We present evidence that unlike the expression of place fields
per se, directional selectivity is an experience-dependent phenomenon driven by
gradual changes in the response of a cell to external sensory cues and/or internal
variables such as goals or recent trajectories which occurs when the traversal of a
path becomes stereotyped.
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5.4 Methods

5.4.1. Subjects.
Five male rats (four Brown Norway-Fisher hybrids and one Brown Norway)
were used for this study. The rats were housed individually and kept on a 12-hr
dark / 12-hr light schedule. Training and experiments and occurred during the dark
phase. During pre-training, and then again during recording, they were kept at
~85% of their free-feeding body weight, in order to be motivated to run for food
rewards. All animal protocols complied with National Institutes of Health guidelines
and Canadian Council for Animal Care (CCAC) regulations under the guidance of the
University of Arizona Institutional Animal Care and Use Committee (IACUC) or the
institutional animal care committee at the University of Lethbridge.

5.4.2. ‘Hyperdrive’ assembly and implant.
Rats were implanted with a ‘hyperdrive’ consisting of 14 individually
movable tetrodes. Each tetrode consisted of four strands of insulated 13 μm
nichrome wire twisted together, and was inserted in silica tubing and secured with
cyanoacrylate glue to a drive cannula. The drive cannula was coupled by a plastic
nut to a drive screw, so that rotation of the nut allowed vertical movement of the
tetrodes through another (30 gauge) guide cannula. The 14 guide cannulae were
placed within the inverted conical core of the hyperdrive, evenly spaced and angled
at 30° from the vertical axis at the top, and bundled together and vertical to the
brain surface at the bottom of the hyperdrive, where they would be contacting the
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brain. For rats 1-3, the guide cannulae were bundled into a 2x7 linear array, to be
placed along the proximal-distal axis of dorsal CA1. The remaining 2 animals (rats
4&5) were implanted with hyperdrives with a bundle forming a circle, and lowered
to dorsal proximal-mid CA3. A more detailed explanation of the hyperdrive,
implantation and recording techniques is published in Gothard et al. (1996b).
Surgery was performed under Isofluorane anesthesia. A 3mm in diameter
craniotomy was opened above the right dorsal hippocampus (coordinates of the
center of the craniotomy differed slightly between rats, between 3.3-3.8mm
posterior and 2.0-3.0 mm lateral). The Dura was removed, the hyperdrive bundle
was centered above the craniotomy, with guide tubes just touching the surface of
the brain, and the craniotomy was sealed with Kwik-Sil and then cemented in place
with dental acrylic anchored by dental screws spread over the rest of the dorsal
surface of the skull. After surgery rats were administered 26mg of acetaminophen
orally for pain relief, and given Ampicillin in their food for 10 days or given
subcutaneous injections of Metacam and Tribrissen to prevent infection. All tetrodes
were lowered into the brain immediately following surgery by turning the screws
three full turns (954 μm).

5.4.3. Recording procedures.
Twelve tetrodes were lowered over the course of 2-4 weeks to CA1 (rats 1-3)
or CA3 (rats 4&5). The remaining 2 tetrodes were lowered to the corpus callosum,
to serve as a reference, and the hippocampal fissure as an EEG recording probe. For
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recording, the hyperdrive was connected to a unity-gain headstage (Neuralynx,
Bozeman, MT) which allowed low noise transmission of signals from each of the
four channels of each tetrode, via a multi wire cable and a commutator mounted on
the ceiling, to digitally programmable amplifiers and then to the Neuralynx Cheetah
system. Local field potential activity was continuously sampled from one channel of
each tetrode at 2.4 kHz, amplified 500-1000 times, filtered between 1 and 300 Hz,
and recorded. For this analysis, only the LFP signal from the tetrode with the largest
number of cells on each day (the one most likely to be in the cell body layer) was
used (filtered off-line at 6-10 Hz to determine the theta signal). Spike signals from
each channel of the 12 hippocampal tetrodes were referenced against the corpus
callosum electrode signal, amplified 1000-5000 times and filtered between 6006000 Hz. Signals were digitized at 32 kHz, and a 1ms sample was recorded when the
signal reached a pre-determined threshold. The thresholds were adjusted manually
for each channel, depending on the noise level and spike amplitude on that channel.
The headstage also contained a circular array of LEDs that were detected by an
overhead camera and recorded by the Cheetah system along with the neural signals
to allow tracking of the position of the rat on the maze. Video spatial resolution was
approximately 3 pixels/cm.
After the completion of recordings, the location of the tetrodes was
ascertained by creating a small electrolytic lesion at the tip of each tetrode (by
passing 5 μA current for 10 s). Histological sections were Nissl stained to localize
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the lesions. Based on coronal sections from the 3 CA1 rats, it was determined that
the recordings of rats 1 and 2 came from a wide range of proximal-distal
coordinates in CA1, and rat 3 was found to have most tetrodes in proximal CA1, one
tetrode in CA2, and 2 tetrodes in distal CA3. Thus the day 1 recordings included 183
CA3 cells, 22 CA2 cells, and 83 CA1 cells (51 from the proximal half).

5.4.4. Pre-training and behavioral tasks.
All rats were pre-trained prior to hyperdrive surgery to run laps back and
forth between food dishes on a circular track, as well as to forage for randomly
sprinkled food rewards in an open field environment. All pre-training sessions
occurred in a different room than the room in which recording took place. The track
used during recording was usually different from the one used during pre-training,
or when the same track was used, a different surface was placed on the track.
The first behavioral task involved the rats running on a circular track. Two
rats ran on a track 120 cm in diameter, one rat on a 115 cm track and one on a 152
cm diameter track. A barrier was placed at one end of the track, with food dishes on
either side of it, so the rat would have to turn around and run back to get the next
food reward. Small objects and textures were placed on half of the track (‘cue-rich’),
and the other half had a uniform surface with no nearby objects (‘cue poor’). Each
running session lasted 25-30 min, and was preceded and followed by 30 min-1hr of
rest in a small pot near the track. Because the rats were pre-trained to perform this
task, three of the rats showed good enough behavior during their very first exposure
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to the track to allow us to analyze individual laps. Rat 3, however, did not run on the
track during his very first exposure, and ran too slowly and too few laps (6) during
his second exposure for that data to be analyzed. Thus, the data analyzed as rat 3’s
“session 1” is actually his third day being placed on the track. Nevertheless, this data
showed very similar results to the actual first exposure of the other 3 animals, and
so were included in this study.
The second task involved the rats running on a circular open platform. One
rat ran on a platform 115 cm in diameter, and the other rat on a 142 cm platform. A
three-walled box was placed at the edge of the platform, and the rat was acclimated
to this environment for 5 minutes prior to each running session, by being confined
to the box with a barrier placed along the opening. Once the barrier was removed,
the rat was expected to run to the food dish on the opposite edge of the platform,
pick up a food reward, and return to the box to eat the reward. The task was
designed to be able to manipulate the speed of the rat as he returned with food
rewards of different sizes. That aspect of the task, however, was not important to
this study. Each running session lasted 30 minutes. The rats also foraged for
randomly distributed food rewards in the same environment every day for 30
minutes (prior to the shuttle task, with a 30 min rest between tasks). It took the rats
2-4 days to learn the shuttle task, but once they learned it, they were running over
20 laps per session, most of them directly between the box and the food dish. Only
the spikes occurring along a direct path were analyzed, and laps in which the rat
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diverged from a direct path to the food dish for more than 20% of the run in either
direction were excluded from the analysis.

5.4.5. Spike sorting.
Spikes recorded during the entire recording session (2-3 rest periods and 1-2
running epochs) were sorted based on energies and first 2 principle components of
the waveforms recorded on each electrode of a tetrode, using a semi-automated
proceedure.

An

automated

algorithm

(KlustaKwik,

K.D.

Harris,

http://klustakwik.sourceforge.net/) was used to find clusters, which were then
merged and adjusted manually using a modified version of MClust 3.1 (A.D. Redish,
http://redishlab.neuroscience.umn.edu/MClust/MClust.html).

5.4.6. Position Tracking.
The position during the running epochs was extracted at each video frame by
fitting a circle to the ring of LEDs on the headstage. The position determined during
previous frames was used to eliminate active pixels at a distance of greater than 20
pixels, which could not have been from the headstage, but were a result of other
spurious light sources. This 2D position was then deconstructed into a 1D
representation along the track. For the circular track task, a circle was fit to the
position data, and the coordinate along the diameter of the track was determined for
each frame (with the barrier assigned a position of 0). For the shuttling task,
principal component analysis on the XY coordinates was used to find the axis of the
‘track’ and the coordinates along that axis were used (with the outer edge of the
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home box assigned a position of 0). Periods when the rat was stopped on the track
were removed, by finding any periods when the rat was moving at less than 2cm/s.
Velocity was calculated by smoothing XY position with a 1-second hamming
window, and then calculating the distance moved between subsequent frames. For
the shuttling task, periods when the rat diverged from the track (the coordinates
along the axis orthogonal to the ‘track’ crossed a threshold value in either direction)
were also removed from the analysis. If the rat diverged from the ‘track’ for more
than 20% of the distance in either direction, the whole lap (both directions) was
removed from the analysis. Laps were identified by finding the turn-around points
at the ends of the track.

5.4.7. Field analysis.
Individual fields were delineated by smoothing (with a hanning window of 5
bins) the firing rate in (2cm) position bins and automatically finding the peaks and
troughs on either side of those peaks. Peaks at a minimum of 0.8 Hz were
considered fields, and the first trough away from the peak that had a firing rate of
less than 0.05 of the peak rate was considered the field boundary. Fields that had
two peaks that were separated by a trough of at least 0.6 of the smaller peak rate
were split in two. Fields were outlined individually in each running direction, and
then combined if the majority of the field overlapped with the field in the opposite
direction. This way all the spikes from fields that had shifted in the forward running
direction would be considered. If a field was not found in the opposite direction, the
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spikes occurring in the same position bins were considered as the opposite
direction field. All field boundaries were checked manually on a phase precession
plot (figure 5.1), and overlapping fields, fields that did not show phase precession in
at least one running direction, or overlapped with food dish locations were
excluded. Approximately 30% of the fields found by the automated algorithm were
deleted in the manual step, most of these because they included few spikes and did
not show phase precession, or they overlapped with a food dish location. The phase
precession criterion was not applied very stringently, instead it was used in
conjunction with the other criteria, for example to differentiate low firing rate fields
from spurious spikes, or to determine if overlapping fields could be successfully
separated with a single boundary or should not be used. The boundaries of
approximately 30% of the remaining fields were adjusted manually, because the
automated algorithm did not identify the full phase precession of a field (especially
low firing rate fields), or it included some noise spikes from outside of a field. Spikes
occurring within the boundaries thus set were then considered for the lap-by lap
analysis of each field. See Table 5.1 for the number of cells and fields analyzed from
each animal.
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Figure 5. 1: Assigning boundaries around fields

Top: Occupancy normalized firing rate for an example cell is plotted on the coordinates of the circular
track (the barrier was at 0 cm, which wraps around to 361.3 cm, and the food dishes were near that,
at ~10 cm and 351 cm). The firing rate in the clockwise direction (right to left on this plot) is colored
red, and the counter-clockwise direction is in blue. Fields were identified by an automated algorithm,
which found peaks (in each direction separately) in the smoothed version of this plot, and set
boundaries at the troughs around those peaks. If the majority of the field found in one direction
overlapped with a field in the opposite direction the two fields were combined, and the spikes within
the boundaries outlined in each direction were considered for further analysis. The boundaries were
set separately for each direction to account for the shifting of fields in the backwards running
direction. If a field did not overlap with one in the opposite direction, any spikes occurring in the
same position bins were considered as the opposite direction field. Dotted vertical lines indicate the
beginning and solid lines the end of the field.
Bottom: All fields identified were visualized on a theta phase plot, to ensure they exhibited phase
precession. Fields that did not show complete phase precession in at least one direction, overlapped
with another field, or showed truncated phase precession because of overlap with a food dish
location were eliminated from the analysis.

5.4.8. Directionality index.
The directionality of cells was determined by counting the number of spikes
fired in each direction within each field, because this measures rate remapping
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better than a correlation. Spatial correlations are also influenced by the fact that
fields are often offset in the two running directions (Battaglia et al. 2004). Thus, we
calculated a ‘directionality index,’ which was the difference in number of spikes
fired in each running direction divided by the total spikes in both directions on each
lap, based on the rate remapping difference ratio in Leutgeb et al. (2005b). The
difference between the higher firing rate direction (on average over the whole
session) and the lower firing rate direction was used instead of the absolute value of
the difference, because this way the same direction is being subtracted for all laps.
Negative directionality index values resulted when the running direction in which
more spikes occur switched between laps. When a cell spiked only in one running
direction, the directionality index was 1.
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Table 5. 1: Statistics of each session analyzed
Rat #

Session #

Cue-rich cue-poor circular track
1
1
2
3
2
1
2
3
3
1
2
3
5
1
2
3
Shuttling Task
4
1
2
3
5
1
2
3

# full, direct
laps run

# cells

# fields in
analysis

24
12
15
14
7
11
25
7
20
34
20
19

50
72
74
13
43
26
69
65
69
156
175
137

63
80
82
20
39
33
79
28
45
32
22
42

13
53
77
20
21
29

47
48
39
94
69
81

9
13
18
15
10
14

Two tasks were performed by 5 rats. Each rat ran a task for at least 3 days, and the first 3 sessions
were analyzed. (Rat 1 ran on the circular track twice a day, so the afternoon session of day 1 was
considered session 2 and analyzed with the other rats’ day 2, and the morning session of day 2 was
session 3.) The numbers of laps completed by the rat, cells recorded, and fields analyzed are
displayed for each rat and session. The smallest number of laps traversed by any of the rats during a
given session was analyzed.
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5.5 Results
Figure 5. 2: Development of directionality on a circular track

The number of spikes occurring within the field boundaries in each running direction was analyzed.
The directionality index was calculated for each field on each lap as the difference in number of
spikes fired in the preferred and non-preferred running directions divided by the total spikes in both
directions (see methods). The mean directionality index for all fields is plotted for each lap and each
session. Error bars represent standard error of the mean. Laps are cut off at the least number of laps
run by the four rats in a given session. Right: Comparing the directionality index during the first lap
and the last lap in each session shows a significant increase from beginning to the end of each
session.

To study whether and how the directionality of place cells changes during
initial experience on a track, we compared firing rates during passes through place
fields in either direction across laps during the animal’s first session on the track.
For each cell, each place field was delineated (see Figure 5.1 and methods), and all
spikes that occurred within the field boundaries on each lap were counted. The
‘directionality index’ of each field was calculated for each lap. The ‘higher firing rate
direction’ is defined as the direction in which, over the whole session, the number of
spikes fired is greater. The directionality index (DI) is the number of spikes fired in
the higher firing rate direction minus the lower firing rate direction, divided by the
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total number of spikes in both directions, and is the same as the rate remapping
difference ratio used by Leutgeb et al. (2005b). The average directionality index
increased from a very low value (cells show almost identical firing in both
directions) to a high value in about 5 laps of experience on the track (Figure 5.2),
even though the average firing rates of the population stayed the same (Figure
5.4A). During the second and third sessions of experience on the track, the
directionality index was already high on the first lap, but still increased slightly
during the next few laps (Figure 5.2). There was a significant difference between the
directionality index on the first lap compared to the last lap on all three days (paired
t-tests, day 1: p<0.0001, day 2: p<0.05, day 3: p<0.01). This was true for both the
CA1 and CA3 cells in our analysis, although, consistent with the more robust rate
remapping in CA3 reported by Leutgeb et al., (2005b), the CA3 cells showed higher
directionality at the end of the session (CA1 DI during last lap: 0.42, +/- SEM 0.056,
CA3 DI during last lap: 0.66 +/- SEM 0.074, t-test: p<0.05). We cannot, however,
rule out individual differences between rats in this case, because the CA3 and CA1
samples came largely from different animals. While the average pattern clearly
shows that the directionality of place cells increases from the first few laps to the
end of the first session, individual cells showed different patterns of firing rate
changes within different fields (discussed below). Some examples of firing rate
changes in individual fields are shown in Figure 5.3.
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Figure 5. 3: Examples of firing rate changes in individual cells on day 1

A. A proximal CA1 cell from rat 3 expressing a field on the cue rich side of the track showed a typical
pattern of directionality increase. Many cells (those falling in the category shown in Figure 5.5B)
showed a directionality increase such as this.
B. Some cells expressed fields that started with significant directionality in the first few laps, such as
the highlighted field of the intermediate CA1 cell shown here. Like this example, many cells in the
category shown in figure 5C increased their directionality even more after the first few laps.
C. An intermediate CA1 cell from rat 1 expressing a field on the cue-rich part of the track showed a
small directionality increase. Many cells remained bi-directional throughout the session.
D. A few cells started directional and became less so, or reversed their preferred direction of firing
(cells in the categories in Figure 5.5E&F). This intermediate CA1 cell from rat 1 didn’t start firing
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until the return (clockwise) direction on the first lap, and then, over the next 2 laps, increased its
firing rate in the counter-clockwise direction, eventually firing more spikes in that direction.

The average running speed of the rats tended to increase throughout the
session, as the rats explored the track relatively slowly during the first few laps and
later ran faster, now purely to receive their rewards (from 14.2 cm/s, SEM = 0.25
on lap 1 to 26.7 cm/s, SEM = 0.78 on lap 10). It is known that the firing rate of place
cells increases with running speed (McNaughton et al. 1983); however, as the rat
runs faster, he passes through each field more quickly, which compensates for the
higher firing rate, and the total number of spikes fired during the pass through the
field is approximately the same (Ekstrom et al. 2001). In our results, the number of
spikes fired during each pass through a field actually decreased slightly with
running speed (analysis of variance of the effect of velocity rank on number of
spikes: F = 7.3, p<0.01; Figure 5.4B). A decrease in the number of spikes in both
directions would not, however, affect the directionality index, because this measure
compensates for the total number of spikes. The number of spikes did, in fact,
decrease with velocity similarly in both running directions (interaction between
running direction and velocity rank: F=0.2, p>0.1; Figure 5.4B), but changed in
opposite directions with chronological lap number (interaction between running
direction and chronological lap number, F=9.53, p<0.01; Figure 5.4A). Thus, the
observed change in firing rates over the first few laps cannot be accounted for by
the effects of different running speeds seen during those laps.
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Figure 5. 4: Control analyses

A. The average number of spikes fired in all fields did not change with lap number, even though the
firing rates in each direction did.
B. The number of spikes fired within a field decreased slightly with running speed, but not
differentially for the two running directions. The average number of spikes fired on the slowest pass
through each field, the next slowest, and so on until the fastest pass, was calculated. The first 4 laps
were excluded from this analysis, because the running speed was highly correlated with lap number
in these laps. The slowest passes through each field (excluding the first 4 laps) were on average 17.7
cm/s (SEM = 0.53), and the fastest passes were on average 31.0 cm/s (SEM = 0.75), covering a range
of the same size to the range of the passes during laps 1-10.
C. Average field size (measured as the distance from the first spike to the last spike) changed in each
running direction across laps by about 35%, but not as much as the number of spikes fired (A).
D. The center of mass (COM) of place fields shifted backwards, in both preferred (higher firing rate)
and non-preferred (lower firing rate) directions.

Even though the track was narrow (~10 cm), it is possible the rats were
following slightly different paths in the clockwise vs. counter-clockwise directions.
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To study whether a possible difference in paths could have affected place cell firing
rates and contributed to the directionality index, we analyzed the effect of the
difference in paths taken through a field on the directionality index. The difference
in position along the width of the track of paths taken on two subsequent passes
through a single field was on average 1.67 cm, and varied with a standard deviation
of 1.86 cm. We found that the difference between position along the width of the
track during passes in either direction accounted for only 0.2% of the variability in
directionality indexes (R2=0.0023, p=0.015) on day 1. During subsequent days,
when the directionality index was greater, the effect of difference in position
between passes on directionality index was not significant (day 2: R2=0.00017,
p=0.1; day 3: R2=0.00036, p=0.1). Thus, the differences in firing rates in the two
running directions are barely, if at all, affected by differences in paths traversed.
The change in relative firing rate within place fields in the two running
directions has the characteristics of rate remapping, because changes in rate
occurred without overall changes in firing location. To confirm this assessment, we
analyzed several parameters that would indicate global remapping. First, global
remapping would predict that many fields would appear in a novel location which
did not show firing during the first few laps. During the first 3 laps, no spikes were
fired only in 10 fields (5.2 percent), and 6 or fewer spikes were fired in 26 (13
percent) fields in those first 3 laps. When these fields were removed from the
analysis, the average directionality index did not change noticeably (DI on lap 1
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including all fields: 0.12 +/-SEM 0.045, including only fields that exhibited more
than 6 spikes in the first 3 laps: 0.14 +/-SEM 0.045,). Second, global remapping
would predict that many cells stopped firing completely in one running direction;
however, even during rate remapping the changes in rate can be sufficient to cause a
few cells to have firing probabilities that approach zero in a given location in one or
other condition (Leutgeb et al. 2005b). Forty-eight fields (25 percent) ended with
no spikes in at least one running direction. Removing these fields from the analysis
reduced the directionality index both at the beginning and end of the session, but
the change in directionality was still significant, both for the fields that ended with
spikes in both directions, and for the fields that ended with no spikes in one
direction (paired t-test between DI on first and last lap, p<0.001 in both cases).
Additionally, the size of each place field was measured on each lap, as the distance
between the first and last spike (within the field boundaries) during that lap. The
average field sizes did not change very much (about 35% - Figure 5.4C, compared to
a 50% change in firing rates - Figure 5.3A, and only 20% when fields with no spikes
are not included). To check for stability in the locations of place fields, we analyzed
the center of mass of each field on each lap. The average center of mass (COM) of the
fields shifted in the direction opposite to the direction of running, as has been
observed previously (Mehta et al. 1997), but no other shifting of individual fields
was observed (average COM shift from first to last lap was 4.6 +/- 12.6 cm,
SEM=0.83; Figure 5.4D). Interestingly, the experience-dependent backwards center
of mass shift was observed both in the direction in which the field was becoming
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stronger, as well as in the direction in which the field was becoming weaker. The
center of mass shift was observed for both CA3 and CA1 cells on day 1, and also
observed on days 2 and 3 in the preferred firing direction of CA1 cells, but not CA3
cells (similar to previous data of Lee et al., 2004).
To understand how individual fields changed as the rat gained experience in
the environment, we plotted the directionality index during the first 3 laps versus
the directionality index during the last 3 laps for each individual field (Figure 5.5A).
This plot shows that while, on average, the directionality index increased with lap
number, individual fields exhibited a wide range of directionality indices both at the
start of exposure to the environment as well as after repeated runs. Consistent with
the average results, many fields showed a substantial increase in directionality
index during the behavior session, while many fewer fields showed a decrease in
directionality index. To check the significance of the directionality index for each
individual field, we calculated the chi square statistic comparing the number of
spikes in each running direction for each field, both in the first 3 laps, and in the last
3 laps. Of the 194 total fields expressed on day 1, 77 showed significantly directional
firing during laps 1-3, and 111 showed significant directionality during the last 3
laps. Fifty-six of these showed directional firing both at the beginning and end of the
session. Of those 56 fields, 42 showed an increase in directionality index from the
first 3 to the last 3 laps. The last 62 fields did not show significant directionality at
the beginning or end of the session. Interestingly, of the 77 fields that showed
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significantly directional firing at the start of the session, 8 exhibited a reversal in the
preferred firing direction. At the beginning of the session, the firing rate in these 8
fields was higher in the direction that became the lower firing rate direction when
averaged over the session (the ‘lower firing rate’, or ‘non-preferred’ direction). By
the end of the session, 7 of these fields showed a significant directionality in the
preferred direction, while 1 of them did not show significant directionality. We
plotted the number of spikes per lap separately for each of 5 categories of fields:
fields that showed directional firing only at the end of the session (Figure 5.5B,
blue), fields that showed directional firing (in the preferred direction) both at the
start and end of the session (Figure 5.5C, green), fields that never showed
directional firing (Figure 5.5D, cyan), fields that showed significant directional firing
(in the preferred direction) only at the start of the session (Figure 5.5E, magenta),
and fields that showed significant directional firing in the non-preferred (lower
firing rate) direction at the start of the session (Figure 5F, red). Separating the fields
into groups that exhibit similar directionality changes during the first session shows
that even though different cells exhibit different amounts of directionality
throughout the session, there was an average tendency to increase their firing rate
in the preferred direction and decrease their firing rate in the non-preferred
direction during the first few laps. A substantial number of cells, however, exhibited
decreases in firing in the preferred direction or increases in firing in the nonpreferred direction while nevertheless increasing overall directionality, due to even
greater changes in the opposite direction.
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Figure 5. 5: Remapping in individual fields

A. To observe the amount of rate remapping exhibited within individual fields, the directionality
index during the first 3 laps was plotted against the directionality index during the last 3 laps.
Significance of the directionality in individual fields was assessed with a χ2 test. Fields were
classified based on whether they exhibited significant (p<0.05) directionality at the beginning or end
of the session or both, and are color-coded based on this classification.
B-F. For each group of fields, the average firing rates in each running direction are also displayed.
Error bars represent standard error of the mean. Additionally, 8 fields were identified that showed
significant directionality in the non-preferred direction at the beginning of the session.

We addressed the question of whether there may be some form of
competition involved in the change in firing rates over the first few laps by assessing
whether directionality tended to increase in the direction that was preferred on lap
1. In other words, we tested the hypothesis that initially stronger inputs tended to
get stronger while initially weaker ones tended to get weaker. The average
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directionality during lap 1 was small, but significant (0.12 +/-SEM 0.045, t-test:
p<0.05). We computed the signed directionality index (CW rate - CCW rate) / (CW
rate + CCW rate) for each field for laps 1 and 14 on day 1 and performed a
regression analysis. There was a weak tendency for directionality to increase in the
direction of the initial bias (R2=0.084, F=13.1, p<0.001). This tendency was true
even for the 3 rats that were actually visiting the track for the first time (R2=0.081,
F=8.05, p<0.01).
Place cells are known to express more bidirectional place fields when local
cues are present on the track (Battaglia et al. 2004). To assess how local cues
affected the development of directional firing in our experiment, half of the track
had small objects or textures on it, and the other half was bare. During the first lap,
fields on either side of the track did not differ significantly (t-test, p=0.16), but by
the end of the first session, fields expressed on the cue poor half of the track showed
higher directionality than fields expressed on the half of the track rich in cues (ttest, p<0.001; Figure 5.6). An analysis of variance showed a significant effect of cue
condition on the directionality index (F=4.39, p<0.05), and a significant interaction
between lap number and cue condition (F=5.93, p<0.05). Another possible
difference between the two halves of the track was the rats’ behavior: they ran
slower on the cue-rich part of the track, and stepped over and around certain
objects and textures in stereotyped ways (running speed through fields on cue rich
part of the track: 18.2 +/- 4.56 cm/s, cue poor part of track: 29.5 +/- 7.99 cm/s, t-
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test: p<0.001). The specific stereotyped movements and the sequence of
movements, however, was different between the two running directions on the cuerich part of the track, and more similar (involving fewer specialized movements) on
the cue-poor part of the track.
Figure 5. 6: Local cues and the
development of directionality
Half of the circular track was enriched
with small objects and textures (local
cues).
A. The mean directionality index is plotted
for fields expressed on the cue-rich and
cue-poor halves of the track.
B. During the first lap, field directionality
on the cue-rich and cue poor halves of the
track did not differ significantly (t-test,
p=0.16). Over the session, fields on both
parts of the track became significantly
more directional (paired t-tests, p<0.01);
however, fields on the cue-rich part of the
track increased directionality less than
fields on the cue-poor side, and
directionality was significantly different
between regions on the last lap (t-test,
p<0.001).
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Directional firing of place cells has also been shown when a rat’s path was
not physically restricted to a track, but the rat was trained to run a specified path in
order to receive rewards at known locations (Markus et al. 1995). To determine
whether directional firing in this case also develops from initially omni-directional
place fields, we trained rats to run back and forth between a home-box location and
a food dish on a circular open-field platform. It took the rats 2-4 days to learn the
task, but as soon as they were running >20 laps, we analyzed the directionality of
their place fields. On the first that day the rats ran more than 20 laps, the
directionality index of the fields was low and did not significantly change during the
session (Figure 5.7A). The day after that, however, the directionality index started
low and increased by the end of the session (Figure 5.7A&B; paired t-test between
first 3 laps and last 3 laps: p<0.01). The following days the directionality index
started as high as at the end of day 2, and did not change throughout the session. As
in the circular track task, the speed of running through a field affected the number of
spikes fired during that pass slightly, but did not affect passes in the two directions
differentially. To determine why directionality only developed on the second day of
performing the shuttling task, we analyzed the variability of the paths the rats took
to the food dish (the paths for one rat are plotted in Figure 5.7C). The first 13 direct
laps were analyzed on each day for each rat. The position was sampled 5 times per
second during traverses to and from the food dish (excluding times the rat was in
the box or at the food dish). The position along the axis orthogonal to the most
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direct path from home box to food dish (the ‘track’ axis) was analyzed. On the first
day, the distribution of positions visited by both rats during their runs was wider
than on the following days (Brown-Forsythe test for equality of variances: p<0.001,
multiple comparison test shows that day 1 is significantly different from days 2 and
3, but day 3 is not different from day 2). Even though the paths were more
stereotyped when directionality developed, and were different between the two
running directions, the difference in the paths did not predict the directionality
index, as in the circular track data. These results show that the differential rate
remapping in opposite running directions can develop not only on tracks that
constrain the animal's trajectory, but also in an open field environment that is
repeatedly traversed along a particular path. In an open field environment,
however, the rate remapping develops only once behavior becomes stereotyped.
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Figure 5. 7: Directionality in an open field

A-B. Directionality index in fields expressed on an open-field platform during performance of a
shuttle task. Day 1 is the first day each rat ran more than 20 laps (This was actually day 2 in the
environment for one rat, and day 4 for the other rat. On this day, rat 4 ran 22 laps, 13 of which were
direct, and the rat 5 ran 25, 20 of which were direct.) The day after that, the rats ran 53 and 21 direct
laps respectively, and the directionality index started low and increased by laps 18-21. On the
following day (3), the directionality index started as high as at the end of day 2, and did not change
throughout the session.
B. Directionality index during the first 3 and last 3 laps of each session.
C. Paths run by one of the rats during the first 13 direct passes to the food dish. The position was
sampled 5 times per second, excluding the times when the rat was in the box or at the food dish, to
test for variability (large dots).
D. Distribution of positions along the axis orthogonal to the direct path from food dish to box at the
sampled times is plotted for both rats. Paths toward the food dish and away from the food dish are
plotted separately. The distribution is wider on day 1 in both directions.
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5.6 Discussion
The main finding is that, in rats running on a track, the firing of hippocampal
place cells is initially bidirectional, and gradually becomes highly unidirectional.
This large increase in directional selectivity involves gradual changes in firing rates
in either or both running directions, during approximately the first 5-10 laps on the
first day of exposure to the track. This effect is almost entirely due to positive and
negative changes in direction-specific firing rates of the neurons, and not to changes
in the locations in which the neurons fire (i.e., rate remapping). Thus, while
retaining information about the allocentric location of the animal, the network
gradually differentiates the direction in which it is traveling on the track. This
finding clarifies a long standing question of why the firing of hippocampal neurons
is different in different directions when the rat is following a specified path
(McNaughton et al. 1983; Muller et al. 1994), but the same in each direction when
the rat is following random paths (Muller et al. 1987).
The formation of place fields has been hypothesized to depend on one of two
separate mechanisms: learning of the sensory details of the environment to
construct a map and triangulate one’s location in it, or a continuous updating of
one’s movement trajectory to calculate allocentric position in the environment (path
integration), or some combination of the two mechanisms. Models relying on the
first mechanism rely on the learning of associations between place cells and their
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sensory inputs in order to form non-directionally specific place fields. For example,
Sharp (1991) modeled a network with sensory inputs relating to the egocentric
distance and direction of landmarks projecting to entorhinal and then hippocampal
cells, and used competitive learning to establish place fields. A prediction of this
model was that place fields would initially be directional, but become directionindependent after exploration in multiple directions. Because exploration was
restricted to two directions on a track, place fields on a track would never become
omni-directional in this model. Our data, however, show a pattern opposite to that
predicted by this model; place fields are initially omni-directional, and increase their
direction-specificity with experience. The current findings are more consistent with
models that rely on some form of path integration to determine the initial location
of place fields.
The assertion that path integration determines the formation of place fields
is well supported with previous experimental evidence (reviewed in McNaughton et
al. 1996; 2006). For example, symmetry of sensory cues in an environment does not
result in symmetrical place cell firing (Sharp et al. 1990) and identical sensory
environments located at 180° rotated orientations (Fuhs et al. 2005), or in different
rooms (Leutgeb et al. 2005b) result in global remapping of place representations.
Further, place fields do not change location when lights are turned on or off
(O'Keefe and Speakman 1987; Quirk et al. 1990; Markus et al. 1994). The inhibition
(Kentros et al. 1998) or deficiency (Barnes et al. 1997) of LTP does not disrupt the
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formation of place fields, but does disrupt the recall of place cell associations with
previously visited environments. Global remapping is instantaneous when a large
mismatch between sensory cues and vestibular information occurs (Knierim et al.
1998), as is place field realignment to moved landmarks (Gothard et al. 1996a),
further supporting that learning is not necessary for the establishment of novel or
changed place cell representations.
In the framework of path integration models, earlier hypotheses to account
for directionality along restricted paths involved a switch of ‘reference frames’ or
maps (now referred to as global remapping) at the arm ends; however, attempts to
observe the predicted complete discontinuity in firing patterns at arm-ends were
generally unsuccessful (Redish et al. 2000). The symmetrical firing observed during
the first traversal of a path, is consistent with typical, non-directional firing during
random foraging behavior, and also with the evidence that the selection of which
hippocampal neurons are able to fire at a given location is determined on the basis
of path integration rather than exteroceptive cues (presumably by inputs from the
medial entorhinal cortex). When the animal travels the same route multiple times,
however, it appears that the firing of hippocampal cells gradually becomes
conjunctive for the path integrator coordinates and the direction-specific ‘local
view’ (McNaughton et al. 1991).
The most plausible source of external landmark information to the
hippocampus proper is via the lateral entorhinal cortex (Burwell and Amaral 1998;
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Si and Treves 2009; Renno-Costa et al. 2010b; Deshmukh and Knierim 2011).
Lateral entorhinal cortex (LEC) projects to the outer portions of the dendrites of DG
and CA3 uniformly along the transverse axis of hippocampus, and to the distal (i.e.
nearest to subiculum) CA1 cells. We observed strong increases in directional tuning
in both CA3 and CA1 (including the cells located in proximal CA1, which only get
direct inputs from MEC and CA3), raising the possibility that the directionality
increase in CA1 is largely driven by changes in CA3 itself or in Schafer collateral
synapses.
At present, one can only speculate about the possible mechanisms of the
increased directionality. The data appear to be generally compatible with the
observation that LEC inputs are capable of bidirectional weight changes (LTP/LTD;
McNaughton et al. 1978; Abraham and Goddard 1983) and support the hypothesis
that the LEC to CA3 (and/or DG) connections which are active in a given direction
either increase or decrease according to some form of competition. Plausibly, the
initial mean weights of synapses driven by the novel cues, being drawn effectively at
random from an existing weight distribution, would be approximately equal in the
two directions (central limit theorem). Whether the mean weights would increase
or decrease might depend on some form of competition (e.g., BCM rule), by which
inputs causing strong activation are strengthened whereas those causing weaker
activation are weakened. We did observe a slight tendency for directionality to
increase in the direction of initial preference, but it accounted for only 8% of the
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directionality variance by the end of session 1. It is also possible that competition is
influenced by the timing of inhibitory inputs from interneurons driven at shortlatency by other pyramidal cells (Csicsvari et al. 1998; Marshall et al. 2002; Maurer
et al. 2006). In addition, the firing rates of some hippocampal interneurons are
strongly modulated by novelty (Wilson and McNaughton 1993; Nitz and
McNaughton 2004), which may have an important impact on plasticity over the first
few laps. In any case, if the magnitude and direction of weight change is a random
variable that is correlated over the active population of inputs onto a given
hippocampal cell for a given running direction, then the firing in opposite directions
would tend to diverge, resulting in increased directional bias.
On average, there was about a 50% increase or decrease in firing rate over
time in a given direction (Figure 5.4A); however, there were cases of cells either
starting out or ending up with zero spikes in one direction. If the observed changes
in firing are indeed due to changes in LEC synaptic efficacy, the complete lack of
firing in one direction implies that, at least in some cells, MEC inputs alone are not
sufficient to drive spiking. Since MEC inputs are also known to exhibit plasticity,
however, it is also possible that both sets of inputs may undergo experience
dependent changes. The effect of local cues on the track, however, which would
likely reduce the net difference in external input in the two directions, appears to
indicate that the main changes are driven by external inputs.
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Other studies have shown that rate remapping occurs when the behavioral
goals or context, or internal state of the animal changes (e.g. Frank et al. 2000; Wood
et al. 2000; Bower et al. 2005). By teaching the rats a shuttling task, we modified
their behavioral goals. This change in behavioral context could explain why
remapping occurred in the same environment when the task changed from foraging
for randomly placed rewards and running between predictable reward locations
(Markus et al. 1995). In our results, this rate remapping didn’t occur until the task
was so well learned that it was performed stereotypically. This indicates that the
development of directionality in the hippocampus does not drive the change in
behavioral strategy; instead it may be driven by the shift to a different behavioral
state. Some of the studies of rate remapping at identical locations during running
toward different goals have been interpreted to mean that mnemonic coding, when
it is task-relevant, exists in the hippocampus in addition to spatial coding (Berke et
al. 2009). Another interpretation, based on our results, is that the ‘context’ encoded
by the hippocampus can include the particular trajectory being traversed, if
traversal of the trajectories becomes highly stereotyped. Studies of the initial place
cell activity in these tasks should be performed to differentiate between these two
hypotheses. If the rate remapping occurs after the task is well learned, it would
suggest that task demands, including goal locations, are actually learned by a
different structure, such as the striatum, and remapping in the hippocampus is
driven later by input relating to the task context. Some findings support this second
hypothesis, including that Berke et al. (2009) did not see rate remapping in the
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initial learning trials of their cued goal maze task, even though in those trials the rat
was using its prior positions to plan a future route. Additionally, rate remapping of
overlapping positions in a sequence task does not occur when the overlapping parts
of the trajectories include more than one arm (Lenck-Santini et al. 2001; Bower et
al. 2005), and is not necessary for a rat to learn complex sequences (Bower et al.
2005).
Mehta et al., (1997) reported an experience-dependent place field expansion
in CA1, with a center of mass shift in the direction opposite the direction of travel,
when rats ran unidirectionally around a track. This effect was subsequently shown
to occur also in CA3, in a more long lasting form (Lee et al. 2004) and to be
dependent (at least in CA1) on NMDA receptor function (Ekstrom et al. 2001). The
accepted view of the mechanism of this experience dependent expansion and shift is
that it reflects the development of what Hebb (1949) referred to as a “phase
sequence”. Synapses from cells that fire earlier in a sequence onto cells firing later
become asymmetrically strengthened through spike-timing dependent LTP. In their
discussion, Mehta et al. (1997) commented: “A natural question is whether the
observed asymmetry would cancel out if the rat ran repeatedly back and forth along
a route in both directions. It turns out that this experiment is not possible because,
under such circumstances, the hippocampus encodes the forward and return
journeys using different sets of place cells.” The present results show that this
conjecture was incorrect; the forward and return journeys apparently are encoded
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by the same set of place cells, but with substantially direction-dependent firing
rates, and we did observe a center of mass shift in both the preferred and the nonpreferred directions, on the first day. The fact that field expansion in both directions
didn’t cancel out the asymmetric center of mass shift, could be explained by local
feedback inhibition, an after-hyperpolarizing current, or another form of depression
in each place cell that does not allow a place cell that has recently fired to be
activated by connections from other currently active place cells. Another possible
implication of this result is that the synapses that mediate rate remapping are not
the same as the synapses that mediate the place field shift. Rate remapping typically
resulted in fewer spikes fired in the non-preferred direction, suggesting a synaptic
depression, yet the field shift is generally attributed to synaptic enhancement.
On the second and third days on the track, place field shift occurred only in
CA1 cells, and only in the preferred direction, while directionality increased only
slightly, and in both CA1 and CA3 cells. The fact that place field expansion does not
occur in CA3 on later days is consistent with previous results (Lee et al. 2004) which
suggest that the underlying plasticity is more persistent in CA3 than CA1. A possible
explanation for the lack of expansion in the non-preferred direction in CA1 on days
2 and 3 may be that there was insufficient depolarization on the cells to induce LTP
in the feed-forward synapses from CA3. Of course, the foregoing proposals are
speculative. Understanding the specific mechanisms involved in these phenomena
await further study.
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In summary, during the first few traverses of a fixed route in space, place cell
activity is almost entirely determined by allocentric position; later the activity
becomes modulated by other factors, without significantly affecting the position
dependence (rate remapping). The shift is likely due to sensory information at a
given position, but could also be partially driven by internal state variables such as
memory or goals, or the behavior of the animal at particular locations. We presented
evidence that directionality does not develop until behavior becomes stereotyped,
suggesting that the performance of a specific task in an environment contributes to
changes in place cell activity. Both sensory and motor information makes its way
into the hippocampus, in a highly processed form, however. Recordings from the
input structures to the hippocampus (especially MEC and LEC) during performance
of directional tasks in a novel environment are needed to elucidate what drives the
development of directionality of place cells.
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CHAPTER 6: LEARNING AT HIPPPOCAMPAL SYNAPSES
6.1 Introduction
Most models reviewed so far have assumed that learning does not occur in
synapses between MEC and hippocampus, or within MEC. In fact, learning at these
synapses might interfere with recall of a familiar environment after exploration of a
novel one (Savelli and Knierim 2010). This is in contrast to the findings that
perforant path synapses show pronounced LTP and LTD. How can we resolve the
findings of rapid plasticity at these synapses with often immediate and stable place
field formation? Stable place fields fit with the theory that place cells act as cues for
memory recall, because if fields moved they wouldn’t make very good cues for recall
of familiar environments. Rapid learning at hippocampal-cortical synapses also fits
with this theory, because connections to sensory cues present at each location must
be made. This would require learning at all synapses to the hippocampus, except for
the ones from the path integrator. The perforant path from MEC, however, also
shows LTP (though weaker than the plasticity between LEC and hippocampus,
McNaughton 1980). Could this plasticity be solely to compensate for plasticity in the
LEC inputs, to keep place fields stable during changes in LEC inputs? These
questions are hard to answer with the current knowledge of LEC activity and
plasticity at individual synapses in vivo. In this chapter, I will discuss the current
knowledge of changes that occur during exploration of novel environments, and
then some theories of what may cause the changes in place cell firing.
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6.2 Changes in the hippocampus during novelty
The release of some neuromodulators is enhanced during novel experiences.
In particular, norepinephrinergic neurons in the locus coeruleus respond during
exploration of novel places or objects, habituating rapidly (Vankov et al. 1995).
These neurons project to the dentate gyrus and laconosum-moleculare of the CA
areas (Loy et al. 1980). Exploration of novel environments, or novel object-place
configurations facilitates LTP or LTD induction (respectively, Manahan-Vaughan
and Braunewell 1999; Kemp and Manahan-Vaughan 2004). Norepinephrine release
is necessary for both of these learning-facilitated long term memory enhancements
(e.g. Kemp and Manahan-Vaughan 2008). Norepinephrine also increases the firing
rates of DG and CA1 interneurons, most likely by disinhibition (Pang and Rose 1987;
Doze et al. 1991). Interneuron firing rates have also been shown to change in novel
environments (Wilson and McNaughton 1993; Nitz and McNaughton 2004). In these
experiments, rats were foraging for randomly placed rewards in a familiar box,
when one wall of the box was removed, and the rat could explore the second half of
the box for the first time. Interneurons recorded in CA1 showed lower firing rates
during the first 10 minutes of exploration of the novel half of the box, and
interneurons in the DG showed increased firing rates in the same area (Nitz and
McNaughton 2004). Interestingly, the same firing rate changes were observed in the
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area adjacent to the novel half of the box, where the wall had previously been,
suggesting that learning was occurring in that area as well.
Changes in place fields can also occur during learning of new tasks, because
of changes in other neuromodulators. Release of the neuromodulator acetylcholine
increases in the hippocampus (and frontal cortex) during the presentation of novel
stimuli, but not habituated ones (Acquas et al. 1996). Acetylcholine is thought to be
involved during attention, enhancing activity in the brain areas necessary for the
current task, and has been found to be necessary for encoding of various types of
new declarative memories (reviewed in Deiana et al. 2011). Encoding of platform
location in the Morris water maze is impaired by acetylcholine antagonists
(administered systemically: Whishaw 1985; Buresova et al. 1986; or infused in the
hippocampus: Blokland et al. 1992; or in the medial septum: Elvander et al. 2004).
The effects of acetylcholine on hippocampal activity have primarily been
documented with respect to the theta oscillation in the local field potential.
Acetylcholine is thought to be responsible mainly for theta during highly aroused
states (type 2 theta, Whishaw 1972; Sainsbury et al. 1987) and not movementrelated theta (type 1 theta, Whishaw and Vanderwolf 1973), which depends on
inhibitory neurons (or “theta cells”) in the septum and inputs from the entorhinal
cortex (Kramis et al. 1975). Acetylcholine does influence the amplitude of
movement-related theta, however. Destruction of the cholinergic projection to the
hippocampus reduces theta power (Lee et al. 1994), and activation of acetylcholine
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receptors in the hippocampus and medial septum increases theta power (Siok et al.
2006). Thus, acetylcholine may influence the firing of inhibitory interneurons in the
septum and hippocampus, because their activity is highly modulated by the theta
oscillation. Acetylcholine also affects the relative strength of different information
processing pathways in the hippocampus: it enhances the response of the DG to
afferent input (Foster and Deadwyler 1992), and reduces the effect of recurrent
synapses in CA3 (Hasselmo et al. 1995). Finally, acetylcholine enhances LTP in the
hippocampus (Blitzer et al. 1990) and entorhinal cortex (Yun et al. 2000). These
results indicate that during highly attentive states, such as during exploration of
novel environments or objects, and during performance of a memory task,
information processing in the hippocampus is altered by the presence of
acetylcholine.
Some properties related to the theta oscillation are also different during
exploration of novel environments. The frequency of the theta oscillation is reduced
during novelty (Jeewajee et al. 2008). Additionally, it has recently been shown that
the preferred theta phase of firing of CA1 place cells changes during novelty (Lever
et al. 2010). These cells show theta phase precession, so they fire at all theta phases
in familiar as well as novel environments, but the peak of firing occurs at a later
phase in the novel environment. This later phase of firing during novelty has been
suggested to correspond to a stronger input from the entorhinal cortex during
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novelty, and stronger LTP during that theta phase (Hasselmo et al. 2000; Lever et al.
2010).
Given all these changes in hippocampal dynamics during novelty, it is
surprising that place fields do not change more than what is observed. About 25% of
fields develop after the initial exposure to the environment (Hill 1978; Wilson and
McNaughton 1993; Frank et al. 2004). This development occurs with different time
courses in CA1 and CA3 pyramidal cells. In CA1, place fields in novel environments
stabilize by 10 minutes after the initial exposure to the environment (Hill 1978;
Wilson and McNaughton 1993; Frank et al. 2004). CA3 fields continue to develop
after CA1 fields are stabilized (Leutgeb et al. 2004). Responses to novel stimuli
within familiar environments show the opposite time course: CA3 cells rate remap
immediately when the wall color of an environment is changed, while CA1 cells may
rate remap during later sessions, or not at all (Leutgeb et al. 2006). These different
time courses of learning in the different regions allows for the place codes to create
memories on different time scales: CA3 may be important during learning of novel
environments (Lee and Kesner 2002; Nakazawa et al. 2003; Lee and Kesner 2004),
while CA1 aids with learning of a novel task in a familiar environment.
As described in the preceding chapter, performing a sequential running task
causes additional changes to place cell firing. An experiment by Frank and
colleagues (2004) showed some of the same results as the study presented in
Chapter 5. These authors analyzed the early development of CA1 place fields on a
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radial 8-arm maze. Two of the eight arms were familiar to the rat, as was the task to
collect a food reward at the end of each arm in sequence. On the initial day of the
experiment, another arm was opened up to the rat for the first time, and it was
allowed to retrieve a food reward there as well. During the initial day on the novel
arm, about 50% of the recorded CA1 place cells expressed fields (Frank et al. 2004).
(This includes 25% of fields that develop after 1-2 minutes of behavior on the track,
similarly to previous findings.) The majority of all of the fields (85%) were bidirectional. During early traversals of the track, the firing rates in 60% of the fields
increased, and 40% of the fields decreased, some all the way to zero. Similarly to the
data presented in Chapter 5, fields showed the same direction of change as well as
opposite directions of change in the two running directions. By the time the track
became familiar, somewhere between 30 and 40% of the cells expressed fields on a
single arm of the track (Frank et al. 2004). This means that between 60 and 80% of
the initially expressed fields were “selected” to be active on this track during the
food retrieval task. If each running direction were considered separately, this
percentage would be lower, as the majority of fields became unidirectional.
In addition to the changes in place cell firing rates on novel tracks, place field
expansion occurs after repeated traversal of a track (Mehta et al. 1997). It has been
hypothesized that this phenomenon is a result of LTP in recurrent CA3 synapses
linking sequences of place cells based on repeated experience (Abbott and Blum
1996). In fact blocking LTP prevents place field expansion (Ekstrom et al. 2001). In

181
addition, place field expansion is reduced in aged rats, as they show reduced LTP,
but can be rescued after LTP enhancement with the NMDA receptor-binding drug
memantine (Burke et al. 2008). Place field expansion occurs in CA3 place fields
during the first exposure to the environment, while CA1 place fields show it on
subsequent exposures to the environment (resetting their size every day or so) (Lee
et al. 2004). These data suggest that recurrent CA3 synapses (and CA3->CA1 Shaffer
collaterals) store information on the sequence of places that have been traversed
repeatedly. Recall of such a sequence then does not rely on external inputs.
Sequences of place cells are generated on a compressed time scale during
sharp waves in the hippocampal local field potential during quiet rest periods (e.g.
Wilson and McNaughton 1994). In addition, sequences of place cell activity can also
be generated on the time scale of behavior, by nothing other than movement in
place (Pastalkova et al. 2008; Gill et al. 2011). In these experiments, animals were
running in a running wheel, or waiting on a small platform during a delay period
between trials of running on a T or plus maze to receive food rewards. During those
delay periods, place cells showed activity lasting around one second beginning at a
specific time during the delay interval. Different place cells activated at different
times during the delay interval, generating a sequence of activity resembling the
progression through place fields, even though the rat was stationary. These “episode
fields” were generated whenever the rat was attending to the performance of a
sequential task, but not when it was running in a running wheel without attending
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to a memory task (Pastalkova et al. 2008). Episode fields appeared even during the
learning of the task, and developed the ability to distinguish between behavior
conditions (in the absence of distinguishing sensory input) by rate remapping the
two conditions (Gill et al. 2011). These data show that movement through space is
not the only way to activate place cells: sequential activity of place cells can be
generated in a single location during delay periods within memory tasks. It is not
yet known whether this is a result of recurrent connectivity within the CA3, or if
episode fields are generated in MEC grid cells as well.

6.3 Theories of place field changes
One proposed hypothesis for the directionality on running tracks is that
different spatial reference frames are activated during runs in each direction
(Touretzky and Redish 1996). As stated previously, this hypothesis was weakened
by the finding that there is no abrupt change between place cell representations at
the turn around point on the maze (Redish et al. 2000), as there is during other
transitions between spatial frames (Jezek et al. 2011). Evidence from the medial
entorhinal cortex, however, suggests that there is an abrupt transition between the
active grid cells during a 180 degree turn in a “hairpin” maze (Derdikman et al.
2009). Based on these results, Derdikman and Moser (2010) argued that space is
actually broken up into smaller segments in the brain. Narrow passages or wide
turns around barriers would make the ideal places for such breaks to occur, because
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path integrating across a long barrier actually isn’t very helpful. The fact that
hippocampal cells do not show abrupt transitions at these points may be accounted
for by two possible hypotheses. One is that the hippocampus stitches these
segments of space, or spatial frames together, to allow mental navigation between
them. This predicts that the “stitching” requires learning, and thus in a hairpin maze,
initially the place cells should show abrupt transitions, and later gradual ones. The
second possibility is that the hippocampus can generate sequences of place fields
independently of the MEC, and associates them to the path integration signal from
the MEC during experience. Neither of these hypotheses, however, fully explains
what happens on a narrow track. The hippocampus initially encodes both directions
similarly, suggesting that they are not separate reference frames, and that they are
similarly encoded in the MEC. MEC recordings, however, also show that grid fields
do not align in the two running directions after experience (Brun et al. 2008). Does
this misalignment exist during initial passes along the track? If so, how does the
hippocampus show similar place fields in both directions? If not, when and how
does the separation into two separate spatial frames occur? These questions have
yet to be answered by recordings in the MEC during novelty. The fact that the
hippocampus gradually remaps the two running directions suggests that this is a
learning process, and not an abrupt shift in spatial frames. Data from the preceding
chapter show, additionally, that the remapping of the running directions doesn’t
occur until after behavior becomes stereotyped, suggesting an attentional shift is
involved in the learning of alternate representations for each running direction.
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Bruce McNaughton (personal communication) proposed an alternate theory
for the learning of alternate representations of the same environment. DG and CA3
place cells receive inputs from MEC and LEC. The MEC inputs create place fields
based on the grids. The LEC inputs have random strengths to each place cell, based
on previous experience, that do not correspond with the new environment. As a
result of many LEC connections with random weights, these weights do not
contribute much to the firing of the place cells. During exploration of the new
environment, these connections are adjusted, based on which environment cues are
coactive with which place cells, so that the LEC cells can later recall the correct place
activity themselves. As the strength of these input connections changes, the firing
rate of the place cells may change as well, but since only active connections will be
strengthened, the location of the place cells will not change. This would explain why
the firing rates of CA3 cells can change with changes in the environmental cues. It
may also account for firing rate changes between running directions during
stereotyped tasks: since the animal preferentially experiences two separate spatial
views, those two spatial views may become separately associated with the place cell
firing and thus different firing rates in each direction result. Some support for this
comes from the finding that firing rates in each direction change independently:
sometimes firing rates go up in both directions, sometimes down in both directions,
and sometimes up in one direction and down in the other (Chapter 5, Frank et al.
2004). This hypothesis would also predict that if any small differences in firing rates
as a result of LEC connections existed at the start, they would be amplified by the
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synapse modification procedure. The firing rate difference at the start of the novel
environment exploration somewhat predicted the firing rate difference after the
firing rates diverged (accounting for 8% of the variability), but sometimes the
preferred firing direction switched during the session (see Chapter 5).
There may be a way to tie the rate learning and spatial reference frame
hypotheses together. Based on the data on the development of firing rates during
track running, I propose the following hypothesis: Through synapse modification
such as that proposed by McNaughton (above), the firing rates within each field
change and some cells become “selected” to participate in one task-relevant spatial
frame, others in another “task frame” (for the opposite running direction, in the case
of these experiments), and some for neither. These task frames do not represent
different space, as would two rooms separated by a hallway; instead they are two
alternate rate maps of the same space. In mathematical terms, if activity of the place
cells that contribute to a representation of a particular location is a vector space,
and the specific activity at a given time is a vector in that space, each task frame
would be represented in a subspace of that vector space. The firing rates may
change significantly between the two tasks, making the two representations almost
uncorrelated. A higher attentional level during the learning of a task (accompanied
by an increase in acetylcholine levels) might be what prompts the creation of
separate task frames, by accelerating the learning processes, and selecting the cues
that the active place cells bind to. As the animal learns a task and begins chunking
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the aspects of the task into separate segments, the focus of attention will change
during the performance of each segment, and prompt the formation of a new task
frame for that segment. Because each task frame is initiated with the same active
cells, the differences in the sensory experience during the association of place cells
to the separate task frame will determine how different the task frames actually are.
For example, the presence of local sensory cues may prompt many cells to be
selected in both task frames. During attentional shifts, different task frames become
active, and associations between the task frames are learned in the CA3 recurrent
synapses at locations where transitions commonly occur (the turn-around point in
the maze). All task frames coexist in the synaptic matrix, and thus the original pathintegrated (non-directional) representation of the environment can be recalled
again when the task changes, such as during random foraging.
This hypothesis creates a few predictions. One prediction that differentiates
it from the spatial reference frame hypothesis is that because each task frame is
initialized from the same spatial representation, and because some cells decrease
their firing rate to zero during rate remapping, during a specific running task fewer
cells should be active (in a given running direction or segment of the task) than in
the same area during a non-directional exploration task. Additionally, according to
this hypothesis, learning is required for the development of alternate
representations of the same environment. Thus, blocking LTP may block rate
remapping, and the development of directionality on running tracks. Another

187
possible prediction is that the presence of a larger number of sensory cues (but not
more complex sensory cues) may cause more place cells to be active in a given task
frame, because more LEC inputs are active, and thus more connections are
strengthened. This should not be the case during random foraging, when the place
cell activity is still mainly driven by path integration, however. These predictions
depend on the type of learning that results in the selection of the task frame (vector
subspace), however. If LTD or inhibition limits the number of strengthened
connections, there may be no change in number of active cells with changes in cues.
Additionally, the type of input that is available to activate place cells should
determine how the place cells are selected to participate in a task frame. All CA3
cells receive inputs from both MEC and LEC neurons, and thus should be able to
become selected for a task frame based on a variety of cues. CA1 cells, on the other
hand, each receive inputs only from MEC or LEC cells (see Chapter 1). Thus,
proximal CA1 cells, which receive inputs only from the MEC, should only show rate
remapping when MEC remaps or in response to changes in boundaries (from border
cell inputs), while distal CA1 cells, which receive inputs only from the LEC, should
show more rate remapping in response to changes in local sensory cues. These
predictions are partially supported by an experiment that shows that distal CA1
cells show a larger number of fields when objects are present on a track then when
there are no objects on the track (Burke et al. 2011). This study failed to identify
rate remapping between object conditions, but the authors did not calculate firing
rates within individual place fields, and so the effect may have been washed out by
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summing firing rates over multiple fields because many cells expressed multiple
fields. Additionally, the rate remapping may have been so high that many fields
disappeared completely when objects were removed. Additional studies are needed
to examine rate remapping with changes in local objects, and differences between
proximal and distal CA1 cells.
The task frame hypothesis proposes a role for differential sources of input
and different learning rates during attention to particular aspects of a task. Shifts in
attention have been proposed to alter place cell activity (Fenton et al. 2010). Colgin
et al. (2009) showed that coherence between CA1 and MEC areas (in the local field
potential) occurs on different theta cycles than coherence between CA1 and CA3
cells. These separate inputs can be differentiated by the frequency of the gamma
oscillation (which is coherent with MEC or CA3), and the phase of theta during
which the gamma bursts occur. This finding suggests one way to test how the source
of inputs to CA1 influences the firing of CA1 cells. Additionally, a different source of
input may dominate during novelty, or during different attentional states. This may
result in a different gamma frequency dominating during novelty, and different
firing rates of place cells during theta cycles dominated by each frequency.

6.4 Conclusion
In this chapter, I have discussed the ways in which novelty and attention
modulate the levels of neuromodulators, interneuron activity, the relative strength
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of input pathways, and learning in the hippocampal formation. All of these changes
may modulate the firing of hippocampal place cells. In addition, different parts of
the hippocampal complex play different roles in navigation and memory storage.
Current evidence suggests that the MEC plays a major role in path integration, CA3
in rapid encoding of novel environments and trajectory sequences, and CA1 in
identifying changes in familiar environments. Neuromodulator systems and
inhibitory networks select the predominant pathways of information flow and how
learning occurs at any given time, thus determining which function the neural
networks are used for.
Evidence presented in the preceding chapter has supported a consistent
finding in the literature, which is that the initial formation of place fields is mainly
determined by allocentric position in the environment. Our study further suggests
that when alternate place cell representations of the same environment are
generated, they are formed by gradual learning. This learning may “select” which
place cells, from the group initially activated at a specific position, are active in a
given behavioral context, or in relation to a particular sensory cue.
Initially, place cells are activated at a particular location, likely based on the
activity of grid cells in the medial entorhinal cortex.

Grid cells represent the

animal’s path integrated position. In the study presented in Chapter 3, I
implemented a model which showed that the same type of network that can use self
motion and head direction information as an input to update position and generate
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a grid code, can also generate “look-ahead” activity such as is observed during each
theta cycle in MEC grid cells. By adding intrinsic currents, known to exist in MEC
stellate cells, to grid cells in the network model, we were able to regenerate this
look-ahead during every theta cycle, generating activity that resembles that of in
vivo grid cells on both a short, and long time scale.
Therefore, the implementation of models that can perform path integration
aids in our understanding of both the temporal and spatial activity of grid cells.
Because grid cells are a major input to the hippocampus proper, understanding path
integration also informs our understanding of the generation, and later modification
of the place cell code.
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