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Navigation and path integration in rodents seems to involve place cells,
grid cells, and theta oscillations (4–12 Hz) in the local field potential.
Two main theories have been proposed to explain the neurological un-
derpinnings of how these phenomena relate to navigation and to each
other. Attractor network (AN) models revolve around the idea that local
excitation and long-range inhibition connectivity can spontaneously gen-
erate grid-cell-like activity patterns. Oscillator interference (OI) models
propose that spatial patterns of activity are caused by the interference
patterns between neural oscillators. In rats, these oscillators have a fre-
quency close to the theta frequency. Recent studies have shown that bats
do not exhibit a theta cycle when they crawl, and yet they still have grid
cells. This has been interpreted as a criticism of OI models. However, OI
models do not require theta oscillations. We explain why the absence of
theta oscillations does not contradict OI models and discuss how the two
families of models might be distinguished experimentally.

1 Introduction

Our understanding of the mechanisms of path integration in rodents
advanced after the groundbreaking discoveries of place cells in the rat
hippocampus (O’Keefe & Dostrovsky, 1971) and grid cells in the rat en-
torhinal cortex (Hafting, Fyhn, Molden, Moser, & Moser, 2005). Place cells
are neurons that spike only when the animal is in a particular location in
its environment. Grid cells are similar, except they spike in many locations
arranged in a hexagonal lattice that overlays any environment the animal
visits. Indeed, most cells in the rat parasubiculum and medial entorhinal
cortex exhibit spatially periodic patterns of activity (Krupic, Burgess, &
O’Keefe, 2012). Moreover, these cells often give bursts of activity within the
theta range of frequencies (4–12 Hz) (O’Keefe & Recce, 1993).

These discoveries prompted the development of computational models
of path integration and navigation. These models basically fall into two
camps: attractor networks (AN) and oscillator interference (OI) models.
Attractor network models posit that grid cells emerge from local excitation
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and long-range inhibition (on-center/off-surround) connectivity of a neural
sheet (Fuhs & Touretzky, 2006; McNaughton, Battaglia, Jensen, Moser, &
Moser, 2006). The activity of this network quickly converges to a steady
state, characterized by an array of isolated peaks of activity arranged in
a hexagonal grid. Velocity input to this sheet forces the pattern to move
around in concert with the animal. A neuron in this sheet spikes whenever
a peak passes over it, and hence behaves like a grid cell.

A neural oscillator is a population of neurons that persistently cycles
through a periodic state; it oscillates. In oscillator interference (OI) mod-
els, velocity-controlled oscillators (VCOs, or speed-controlled oscillators in
1D) adjust their frequency according to the velocity of the animal (Geisler,
Robbe, Zugaro, Sirota, & Buzsáki, 2007; Burgess, 2008). However, velocity
affects each oscillator differently; movement in one direction can increase
the frequency in one oscillator more than in another (Burgess, Barry, &
O’Keefe, 2007). This difference in frequency causes oscillators to drift into
and out of phase as the animal moves. A readout node that combines the
output of two oscillators will exhibit changes in its activity as the two os-
cillators constructively and destructively interfere. These interference pat-
terns are laid out as stripes that are fixed in the animal’s spatial environ-
ment (Burgess, 2008). Moreover, the direction and frequency of this “wave
front” are determined by the difference in the velocity encodings of the two
VCOs.

Three oscillators can combine to form a hexagonal grid interference pat-
tern like those exhibited by grid cells (Blair, Gupta, & Zhang, 2008). More
elaborate OI models have since emerged (Welday, Shlifer, Bloom, Zhang,
& Blair, 2011; Orchard, Yang, & Ji, 2013), demonstrating that this class of
models can exhibit a wide range of behaviors, including grid cells, stripe
cells, place cells, border cells, and phase precession (O’Keefe & Recce, 1993)
with respect to the theta oscillation measured in the local field potential.

Many implementations of oscillators are based on ring attractors (Song
& Wang, 2005; Blair et al., 2008; Blair, Wu, & Cong, 2014; Welday et al.,
2011), where the phase of the oscillator is reflected by a bump of activity
that propagates through a set of neurons connected in a ring.

Shortly after their discovery, place cells in rats were also found to be theta
modulated, firing bursts of spikes with an interburst frequency close to the
theta range (4–12 Hz) (O’Keefe & Recce, 1993). Grid cells were predicted
(O’Keefe & Burgess, 2005) and then confirmed (Hafting, Fyhn, Bonnevie,
Moser, & Moser, 2008) to be theta modulated. These discoveries were based
on rats, where the hippocampal local field potential (LFP) exhibits a strong
and consistent theta oscillation as the rat moves. The subsequent com-
putational models generally assumed a constant baseline theta frequency
(Burgess, 2008; Burgess et al., 2007; Zilli & Hasselmo, 2010), since it simpli-
fied the description and implementation of these OI models. However, this
historical association with theta oscillations has become the basis for some
criticism.
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Some animals such as bats (Yartsev, Witter, & Ulanovsky, 2011) and pri-
mates (Killian, Jutras, & Buffalo, 2012) exhibit grid cells in the absence
of theta oscillations.1 Theta band oscillations have been observed in hu-
mans performing navigation tasks (Kahana, Sekuler, Caplan, Kirschen, &
Madsen, 1999), but it is not yet known if humans exhibit hippocampal
theta oscillations (due to a lack of experiments involving human trans-
lational locomotion). We found oscillations in the human hippocampus
during sleep but in the 1–4 Hz frequency range, not the theta range (Jacobs,
2014).

These observations have recently led to criticism of OI models of
path integration. The logic, as articulated in Yartsev et al. (2011), is that
“we observed simultaneously the existence of grids without continuous
theta oscillations . . . which strongly argues against the theta-based class
of computational models of grid cells.” Later, Yartsev et al. (2011) con-
clude that their study “provided a unique opportunity to causally chal-
lenge the oscillatory interference models of grid cells.” Moser, Moser,
and Roudi (2014) state that “grid cells require theta oscillations.” How-
ever, these criticisms illustrate a misunderstanding of how the OI model
works.

For example, a method referred to as GRIDSmap produces stripe cells
and grid cells without theta oscillations (Mhatre, Gorchetchnikov, & Gross-
berg, 2010). It employs ring attractors to integrate velocity and store the
result as a phase value. Different rings have different preferred velocity di-
rections, and integrate the component of velocity in that direction. As such,
each neuron in a ring behaves like a “stripe cell,” firing along the crests of a
wave front perpendicular to its ring’s preferred direction. This approach is
essentially the same as the OI models, except the baseline frequency is 0 Hz
instead of being in the theta band.

Indeed, many OI models make no assumptions about the baseline oscil-
lation but simply include a common, generic time-varying frequency term
for each VCO (Welday et al., 2011; Blair et al., 2014). For example, Welday
et al. (2011) speak of �(t) as the “shared angular base frequency around
which all VCOs are modulated.” Blair et al. (2014) also use �(t) and state
that “from the standpoint of synchronization coding, there is nothing spe-
cial about the theta frequency,” and that “the base frequency . . . could be
shifted to a higher or lower frequency without altering the essential prop-
erties of the code.” For example, oscillations in the 1–4 Hz range have been
observed in the human hippocampus (Jacobs, 2014).

This letter seeks to dispel the misconception that OI models require
theta oscillations to work. It shows that the OI models can perform velocity
integration independent of any baseline oscillation.

1The absence of relevant oscillations in the bat hippocampus is a matter of dispute
(Barry, Bush, O’Keefe, & Burgess, 2012; Jacobs, 2014)
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2 Materials and Methods

2.1 Theory of Phase Coding. In OI models, the animal’s position is
encoded in the phase differences between oscillators, and not the absolute
phase (Burgess et al., 2007; Welday et al., 2011; Orchard et al., 2013). In this
sense, the label phase coding is perhaps a better label than oscillator interference
for this class of models. The oscillators could be oscillating at any frequency,
as long as they maintain their phase relationships to each other.

To see this, consider a generic neural oscillator, indexed by label n, with
oscillation frequency

ωn(t) = dn · v(t) + �(t),

where dn is its velocity-encoding vector. Its oscillation frequency includes a
common baseline frequency of �(t), as well as a component that comes from
the dot product between its velocity-encoding vector, dn, and velocity, v(t).
To obtain the oscillator’s phase, φn(t), we simply integrate its frequency,
ωn(t), over time,

φn(t) =
∫ t

0
(dn · v(τ ) + �(τ ))dτ.

Now consider the phase difference between oscillators n and k:

φn(t) − φk(t)=
∫ t

0
(dn · v(τ ) + �(τ )) − (dk · v(τ ) + �(τ ))dτ,

= (
dn − dk

) ·
∫ t

0
v(τ )dτ,

= (
dn − dk

) · x(t) . (2.1)

The phase difference is a linear function of position, x, and generates a spa-
tially fixed wave front as shown Figure 1. Notice that the phase difference in
equation 2.1 is independent of the baseline frequency �(t). In other words,
the baseline frequency can be 8 Hz, or 0 Hz, or any other value, and the
OI theory still works. Moreover, the baseline frequency can even change
dynamically, as long as all oscillators are influenced by it equally.

This idea of the baseline phase being arbitrary is reiterated in Blair et al.
(2014), where the authors contend that “any frequency noise that is present
must be shared among the rings, by becoming absorbed into the temporal
reference phase, � [emphasis in original].”

2.2 Simulations. To further illustrate the baseline-frequency invariance
of the OI model, we implemented a one-dimensional array of 17 neural
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Figure 1: Interference pattern between two VCOs. (A) The velocity-encoding
vectors for two VCOs are shown, along with the difference vector, (dn − dk).
(B) The interference pattern in is a spatially fixed wave front, cos

(
(dn − dk) · x

)
,

perpendicular to the difference vector.

oscillators. This design is similar to one “propellor” from Orchard et al.
(2013), although the specific arrangement of VCOs is not relevant for our
purposes here. The important point is that each oscillator has a different gain
factor for how velocity influences its oscillation frequency. For oscillator n,
we prescribe frequency

ωn(t) = n
2
v(t) + �(t), where n = {−8, . . . , 8},

where v(t) is the 1D velocity (e.g., along a corridor).
The network simulation was implemented using the neural engineering

framework (Eliasmith & Anderson, 2003), and run in Nengo (nengo.ca)
using direct mode (not spiking neurons). We ran the network with two
different fixed baseline frequencies, 8 Hz and 0 Hz, as well as a time-varying
baseline frequency, and recorded the oscillator states as 2D unit vectors. The
same velocity profile was used for all three simulations.

3 Results

Some results from our simulations are shown in Figures 2 to 5. Figure 2 plots
the states of oscillators 3 and 7 for the 8 Hz baseline frequency case, while
Figures 3 and 4 plot the same oscillators for the 0 Hz and varying-frequency
cases, respectively. We used the same velocity input for all three cases.

The two oscillators in Figure 2C fluctuate their frequencies around the
baseline of 8 Hz. They move in and out of phase with one another as the
velocity input varies their individual frequencies. The close-up in Figure 2A
shows the two oscillators out of phase, and the close-up in Figure 2B shows
them phase aligned. The graph in Figure 2D plots the phase difference
between oscillators 3 and 7, as wrapped between −π and π (dashed red
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Figure 2: The 8 Hz baseline frequency with varying velocity input. (C) Plots
of oscillators 3 and 7 for a baseline frequency of 8 Hz over the 10 second sim-
ulation. (A, B) Close-ups of the oscillators out of phase and phase aligned,
respectively. (D) The phase difference between the two oscillators in panel C.
The phase-difference plot (dashed red line) is wrapped to the interval (−π, π ),
while the solid red line shows the unwrapped version. The animal’s true posi-
tion is also plotted for comparison (black line). The gray vertical lines indicate
approximately where the oscillators are phase aligned.

line) and unwrapped (solid red line). The animal’s position is also plotted
(gray dash-dot line). It is difficult to see the position line because it is
mostly occluded by the unwrapped phase difference line, demonstrating
the encoding link between location and oscillator phase differences.
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Figure 3: 0 Hz baseline frequency with varying velocity input. (A) Plots of
oscillators 3 and 7 for a baseline frequency of 0 Hz over the 10 second sim-
ulation. (B) The phase difference between the two oscillators in panel A. The
phase-difference plot (dashed blue line) is wrapped to the interval (−π, π ),
while the solid blue line shows the unwrapped version. The animal’s true posi-
tion is also plotted for comparison (black line). The gray vertical lines indicate
approximately where the oscillators are phase aligned.

The vertical gray lines in Figure 2 (as well as in Figures 3 and 4) indicate
times when the oscillators are phase aligned (when their phase difference
is zero).

Similarly, Figure 3 shows the behavior of oscillators 3 and 7 for the
case when the baseline frequency is 0 Hz. The plot in Figure 3A shows
the oscillator states, while Figure 3B plots their phase difference and the
animal’s position. Since there is no baseline oscillation, the oscillator states
change only as a result of the animal’s motion. The vertical gray lines show
when the oscillators are phase aligned.

Figure 4 shows the results from the simulation using a time-varying
baseline frequency. The dynamic baseline frequency is plotted in Figure 4A.
Over the 10 second simulation, it varied between 8 Hz and −8 Hz2. The

2A negative frequency indicates oscillation in the opposite direction. In the case of
a ring attractor, the bump of activation progresses in a counterclockwise direction for
positive frequencies and in a clockwise direction for negative frequencies.
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Figure 4: Variable baseline frequency for varying velocity input. (A) Plot of the
baseline frequency over time. (B) Plots of oscillators 3 and 7 throughout the
simulation. Both oscillators change frequency in concert with the baseline, but
slight differences in their oscillation frequencies still result in phase differences
that reflect the animal’s position. (C) The phase difference between the two
oscillators in panel B, as well as the animal’s true position (using the same
plotting convention as Figure 2).

states of oscillators 3 and 7, plotted in Figure 4B, clearly exhibit the changing
frequencies. The animal’s position and the phase difference between the
oscillators are shown in Figure 4C. The vertical gray lines indicated times
when the phase difference is zero.

Despite the large differences between the baseline frequencies, notice
that all three simulations yield the same phase relationship between the two



556 J. Orchard

Figure 5: Spatially fixed interference pattern. The bottom graph plots the inter-
ference between oscillators 3 and 7 as a function of position, plotted for each of
the baseline frequency cases (8 Hz, 0 Hz, and varying frequency). Notice that
despite the animal’s back-and-forth motion (as indicated in Figures 2 through
4), the interference pattern is spatially fixed. The shaded pane above the plot
depicts the interference pattern as a gray-level image.

oscillators. For instance, in all three cases, the oscillators are in phase at the
same times, as indicated by the vertical gray lines in the plots. Moreover,
each simulation’s unwrapped phase difference plot was almost indistin-
guishable from the animal’s location plot, demonstrating that phase coding
of location works regardless of baseline frequency.

Figure 5 shows the spatial interference pattern generated by each sim-
ulation, plotting the sum of oscillators 3 and 7 for each case. All three
cases generate the same spatially fixed interference pattern of stripes, even
as the virtual animal changed speed and reversed direction. The band above
the plot displays the interference pattern as a gray-level image, similar to
the wave-front interference pattern shown in Figure 1B. There is a slight
drift between the curves from the different simulations which we attribute
to errors in numerical integration.

4 Discussion

Oscillations in the theta band (4–12 Hz) are not necessary for the OI model
of path integration. Even a network of oscillators with a time-varying base-
line frequency is capable of generating grid cells, place cells, and border
cells through the mechanism proposed by OI models (Welday et al., 2011;
Orchard et al., 2013). The position of the animal is encoded in the phase
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differences between the oscillators, and these phase differences are invari-
ant to the baseline frequency common to all the oscillators.

Recent studies have found that the human hippocampus exhibits an
intermittent theta-like oscillation but in the 1–4 Hz range (Jacobs, 2014). Bat
hippocampal cells exhibit a slight resonance around 1.5 Hz (Heys, MacLeod,
Moss, & Hasselmo, 2013). It is possible that these cells are involved in path
integration, but at frequencies different from the typical theta band.

Although the simulations presented in this letter are based on noise-free
oscillators, a related OI model was built using spiking integrate-and-fire
neurons (Orchard et al., 2013). However, that model was not tested using
a time-varying baseline frequency. Expanding that model to accommodate
time-varying baseline frequencies is a possible direction for future work.

Both the AN and the OI models can generate grid cells, and both can
generate place cells. Since these cell types are explicable by both models,
their presence alone is insufficient to distinguish the two theories. So what
evidence should we look for to differentiate the AN and the OI models of
path integration?

Consider two neurons, labeled α and β, belonging to two different VCOs
(located in the medial septum, medial hippocampus, or anterior thalamus
(Welday et al., 2011)). We can expect these neurons, α and β, to exhibit bursts
of activity as each VCO changes its phase. Burst times for α are due to a
combination of the baseline oscillation, as well as the phase shifts induced
by the animal’s movement. Likewise for β, its burst times are due to the same
baseline oscillation, as well as a (different) phase-shift component induced
by movement. Each neuron on its own does not give enough information
to separate those two influences—to separate the baseline oscillation from
the movement-related effects. However, when they are taken together, we
can remove the effect of the baseline oscillation. As the animal moves,
these neurons will sometimes burst in sync, and at other times they burst
out of sync. If the OI model is correct, these two neurons should burst in
sync only when the animal is at locations that coincide with the peaks of
a wave front, like that shown in Figure 1. In other words, they should fire
simultaneously only at locations arranged as stripes in the environment.
We look for burst synchronization (phase alignment) to indicate locations
of constructive interference. Any two such neurons that are part of different
VCOs should generate an interference (synchronization) pattern of spatial
stripes. This pattern of activity does not have an obvious explanation in the
AN model.

It is possible that the two theories of path integration are simply different
views of the same phenomenon. Consider a grid cell in the OI model; it
receives input from a subset of VCOs (typically three). If the grid cells
also project back to the same VCOs, then this allows (indirect) interaction
between the neurons in those oscillators. One function hypothesized for
grid cells is that they act as a stabilizing mechanism that couples VCOs,
keeping their phases in proper correspondence (Orchard et al., 2013; Blair
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et al., 2014; Bush & Burgess, 2014). The grid cells would then constrain the
network dynamics into an attractor state characterized by consistent VCO
phases. It is possible that these multisynaptic loops are consistent with a
local-excitation/lateral-inhibition connectivity between neurons. If so, then
the OI and AN theories overlap. We are investigating this hypothesis.

Without such coupling feedback, the VCOs will drift out of phase and fail
to generate the interference patterns found in grid cells. Moreover, sensory
input also has an important influence on grid cells (Barry, Hayman, Burgess,
& Jeffery, 2007). This input might manifest in the form of hippocampal place
cells or other cells with spatial mapping characteristics that send feedback
to grid cells or VCOs (Burgess et al., 2007; Ji, Kushagra, & Orchard, 2013)
(see also Burgess & O’Keefe, 2011). This is consistent with the observation
that grid cells lose their firing pattern when the hippocampus is inactivated
(Bonnevie, Dunn, Fyhn, & Hafting, 2013). Without that correcting input, the
VCOs can continue to drift out of phase.

In conclusion, both theory and simulations demonstrate that the os-
cillator interference model works over a variety of baseline frequencies,
including a baseline frequency that varies over time. Hence, the absence
of LFP theta oscillations should not be construed as evidence contradicting
oscillator interference models of path integration.
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