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INTRODUCTION: Place cells are neurons in the
hippocampus that represent the animal’s posi-
tion in space and are important for support-
ing navigation behaviors. These cells increase
their spiking activity when the animal passes
through a specific region of space, called the
neuron’s “place field.” Since the discovery of
place cells half a century ago, nearly all the
research on spatial representations in themam-
malian brain has focused on rats andmice as
animal models and used small laboratory en-
vironments as experimental setups—usually
small boxes or short linear tracks ~1 to 2 m in

size. In such small environments, individual
place cells typically have one place field, with
a small field size. However, outdoor naviga-
tion of all mammals occurs in natural environ-
ments that span much larger spatial scales,
of hundreds of meters or kilometers, and
nothing is known about the neural codes for
such large spatial scales.

RATIONALE: We reasoned that in very large
environments, the hippocampusmust exhibit
a different coding scheme than seen in small
environments because large environments

cannot be tiled fully by the limited number
of hippocampal neurons. We set out to dis-
cover this alternative coding scheme and
thus to close the longstanding gap between
the neurobiology of navigation as studied
in the laboratory and natural large-scale
navigation. To this end, we studied bats
flying in a 200-m-long tunnel while we
recorded the activity of hippocampal dor-
sal CA1 neurons using a custom wireless-
electrophysiology system.

RESULTS:We found that place cells recorded in
the large environment exhibited a multifield,
multiscale representation of space: Individ-
ual neurons exhibited multiple place fields of
diverse sizes, ranging from<1m tomore than
30m, and the fields of the same neuron could
differ up to 20-fold in size. This multifield,
multiscale code was observed already from
the first day in the environment and was sim-
ilar between wild-born and laboratory-born
bats that were never exposed to large environ-
ments. By contrast, recordings from a small-
scale 6-m environment did not reveal such a
multiscale code but rather classical single
fields. Theoretical decoding analysis showed
major advantages of the multiscale code over
classical single-field codes, both in the num-
ber of required neurons and in the decoding
errors. Thus, the multiscale code provides an
efficient population code with a high capacity
for representing very large environments. We
conducted neural-network modeling, which
suggested that the multiscale code may arise
from interacting attractor networks with mul-
tiple scales or from feedforward networks,
which yielded experimentally testable predic-
tions for the inputs into CA1.

CONCLUSION:Using this experimental setup,
our study uncovered a new coding scheme
for large spaces, which was never observed
before in small spaces: a multiscale code for
space. This coding scheme existed fromday 1 in
the environment and was observed in both
wild-born and laboratory-born bats, suggest-
ing that it does not require previous experi-
ence. These findings provide a new notion
for how the hippocampus represents space.
The large naturalistic scale of our experimen-
tal environment was crucial for revealing this
type of code. More generally, this study dem-
onstrates the power of studying brain circuits
under naturalistic conditions.▪
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Methods
Individual place-cells in dorsal hippocampus CA1 
showed multiple fields with highly variable sizes, 
from day 1 in the tunnel
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Bat flying in 200-m-long tunnel with wireless 
electrophysiology system

Multifield multiscale coding can be explained with 1D 
interacting attractor networks and feedforward models
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Decoding analysis showed that the multifield 
multiscale code outperforms classical place-codes
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Multiscale hippocampal spatial code for very large environments. (Methods) We wirelessly recorded
neural activity from hippocampal neurons of bats flying in a 200-m tunnel. (Findings) Single neurons
exhibited multiple place fields with highly heterogeneous field sizes for the same neuron. (Function) This
multiscale neural code for space strongly outperforms classical single-field place codes. (Modeling) Modeling
by using interacting attractor networks and feedforward models recapitulated the multiscale coding.
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Hippocampal place cells encode the animal’s location. Place cells were traditionally studied in small
environments, and nothing is known about large ethologically relevant spatial scales. We wirelessly
recorded from hippocampal dorsal CA1 neurons of wild-born bats flying in a long tunnel (200 meters).
The size of place fields ranged from 0.6 to 32 meters. Individual place cells exhibited multiple fields
and a multiscale representation: Place fields of the same neuron differed up to 20-fold in size.
This multiscale coding was observed from the first day of exposure to the environment, and also in
laboratory-born bats that never experienced large environments. Theoretical decoding analysis showed
that the multiscale code allows representation of very large environments with much higher precision
than that of other codes. Together, by increasing the spatial scale, we discovered a neural code that is
radically different from classical place codes.

N
avigation and spatial memory are cru-
cial for the survival of animals in the
wild. The hippocampal formation con-
tains several types of spatial neurons
whose activity represents the animal’s

position and direction in space (1–10). One of
these spatial cell types is the “place cell,” hip-
pocampal neurons that increase their spiking
activity when the animal passes through a
specific region of space, in turn called the
neuron’s “place field” (1, 2, 11–15). Individual
place cells typically have only one (or two)
place fields in a small environment (2, 11, 16),
whereas multiple place fields are found in
dentate-gyrus neurons upstream (16). Nearly
all of the research on spatial representations
in the mammalian brain has focused on rats
andmice as animal models and used small lab-
oratory environments as experimental setups—
usually small boxes or short linear tracks ~1 to
2 m in size. Consequently, almost all current
knowledge on spatial neurons in thehippocam-
pal formation is based on data from animals
moving in small laboratory environments.
Two studies of place cells examined larger
spatial scales (17, 18). However, these studies
used either a zig-zagging track composed of
~1-m segments or a track that passed through
several small rooms; thus, the largest single-
compartment environment inwhich place cells
were recorded to date was <10 m in size.
By contrast, outdoor navigation of all mam-

mals occurs in natural environments that span

spatial scalesmuch larger than 10m. For exam-
ple, wild rats were shown to navigate outdoors
>1 km per night (19, 20). Navigation over such
distances requires spatial representation of
very large environments, on the scale of hun-
dreds of meters or kilometers (21). Egyptian
fruit bats fly every night distances of up to
~30 km to their favorite fruit trees, with fly-
ways spanning ~2 km in width and 0.5 km in
height (21, 22). A simple calculation shows that
tiling this space with typical place fields as
measured in the laboratory (~10 to 20 cm di-
ameter, single field per neuron) would require
~1013 neurons. This is ~108 times more neu-
rons than the number of cells in the entire
dorsal hippocampal area CA1 (3), suggesting
that it is simply not feasible to represent such
large spatial scales with laboratory-sized place
fields. Thus, there is a fundamental gap be-
tween theneurobiology of navigation as studied
in the laboratory and kilometer-scale natural
navigation outdoors.

Neural recordings in bats flying in a
200-m environment

We studied wild-born Egyptian fruit bats, a
mammal that has rodent-like hippocampal
spatial representations in small laboratory
environments (23–26). We developed a min-
iaturized wireless neural-logging system that
stores all the data on board (Fig. 1A). This sys-
tem enabled neural recordings to be conducted
over great distances in freely behaving animals,
with uninterrupted experiments lasting up to
~3 hours (27). Using this system,we conducted
tetrode recordings from dorsal CA1, in flight
(Fig. 1, B to D, and fig. S1). We built a 200-m-
long flight tunnel (Fig. 1E), composed of a
long arm and a shorter arm, with landmarks
dispersed along it (fig. S2). We used a medium

light level (5 lux), allowing these bats—which
have excellent vision (21)—to see several distal
landmarks from each location in the tunnel
(fig. S2B). We used a radio frequency–based
localization system, with a small mobile tag
placed on the bat that measured the bat’s dis-
tances to a ground-based antenna array (Fig.
1F). This system yielded a high spatial local-
ization accuracy of ~9 cm (Fig. 1G) along with
a high temporal resolution (27). We harnessed
the natural behavioral tendency of bats to fly
long distances in straight trajectories (22)
and trained them to fly in the tunnel be-
tween two landing balls that were placed at
the two ends of the tunnel, on which food was
given. The bats flew continuously back and
forth between the landing balls (fig. S3A).
Flight trajectories were rather stereotyped,
with bats flying at the center-top portion of
the tunnel, with only very small deviations
perpendicular to the flight direction (Fig. 1H
and fig. S3, B and C). Thus, the bats exhibited
nearly perfect one-dimensional (1D) back-and-
forth trajectories. Hence, in all subsequent
analyses, we projected the behavioral data
onto the main axis of the tunnel and included
only long unidirectional flights that were
>100m in length (27). This 1D tunnel bears sim-
ilarities to bats’ natural behaviors because
these bats navigate underground in 1D cave
tunnels, and also their flight trajectories out-
doors are largely 1D (22). Flight speedwas high
and showed very little variation across differ-
ent locations (Fig. 1, I and J). Bats flew dozens
of flights per direction in each recording ses-
sion (Fig. 1K), covering on average 14.1 km per
session and up to 22.5 km in a single session
(Fig. 1L).

Hippocampal place cells exhibit a multifield,
multiscale spatial code

We recorded 235well-isolated putative pyram-
idal cells from the dorsal CA1 of five bats; all
235 neurons were active in flight, and 83.4%
of them (n = 196) were place cells, showing
significant spatial tuning with distinct and
stable place fields (Fig. 2A and figs. S4 and S5;
the numbers of place cells in individual bats
are provided in table S1) (27). By contrast, in
both rodents and bats, the reported percent-
age of place cells in small environments is
typically 30 to 40% of all the recorded cells,
whereas the remaining cells are virtually
silent during behavior (11, 23, 24, 28). Place
cells in the 200-m tunnel exhibited strong
spatial tuning (Fig. 2, B to D), and the spatial
tuning was stable across flights (Fig. 2E). The
place cells fired differently in different flight
directions (Fig. 2, A, red and blue raster plots,
and F, map correlations between directions),
similar to the directionality shown previously
for place cells in rats and bats in small 1D en-
vironments (29, 30). However, we found seve-
ral surprising characteristics of place cell firing
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in our 200-m environment. First, unlike the
typical single place field reported for CA1
neurons in small environments (11), we found
that many cells exhibited multiple place fields
(Fig. 2A and fig. S5, examples; Fig. 2G, popu-
lation). The mean number of fields per direc-
tion was 4.9, and some neurons hadmore than
10 fields in each flight direction (Fig. 2G). This
result extends similar findings in enlarged en-
vironments in rodents, which showed several

fields per neuron (18, 31, 32). The fields were
strongly tuned and contained the large ma-
jority of the neuron’s spikes; the background
firing was relatively low (fig. S6, A and B).
Second, many cells had very large place fields,
often >10 m in size, and up to 32 m (Fig. 2, A,
cells 1 and 5, examples, andH, population; and
figs. S5 and S7A). On the other hand, some
cells had very small place fields of <1 m in size
and down to 0.6 m (Fig. 2, A, cells 3 and 7,

zoom-in, and H, leftmost bar). The distribu-
tion of field sizes was skewed (Fig. 2H) and
was well-fitted by a log-normal distribution
(fig. S8) (33). Third, and most surprisingly,
many place cells showed highly variable field
sizes, with up to 20-fold ratio between the size
of the largest and smallest field for the same
neuron (Fig. 2A, cells 1 to 7, examples; and
Fig. 2, I and J, population; mean ratio, 4.4).
This multifield, multiscale code was found
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Fig. 1. Neuronal and behavioral recordings from bats flying over large
spatial scales. (A) Sixteen-channel wireless neural logger. (B) Neural traces
from one tetrode, recorded in bat dorsal hippocampal area CA1, showing spikes
in-flight. (C) Spike-sorting of one tetrode (data from full session, 108 min).
Shown are spike clusters from different neurons, with spike amplitudes plotted
for three of the tetrode’s channels; well-isolated units are shown in different
colors. Same session and tetrode as in (B). (D) Histology of one recording site in
dorsal CA1. Red arrowhead, electrolytic lesion; Black lines, proximal and distal
borders of CA1. (E) Aerial photograph showing top-view of the large-scale
environment. The flight-tunnel was composed of long and short arms (27), which
the bat traversed without slowing down (I). Vertical lines indicate location
where neural data in (B) were recorded. (F) Localization system, showing
positions of ground-based antennas (red dots), the tunnel (dark gray thick line),
snapshot of measured distances from each antenna to the localization tag
on the bat’s head (large black circles; cropped for visualization purposes), and
the bat’s estimated location (blue dot; computed as the intersection of the

black circles). (G) Precision of the localization system (27), showing localization
error of s = 8.9 cm along the tunnel’s major axis. (H) Example session,
showing the y-z positions of the bat’s passages (blue dots) through a cross-
section in the tunnel’s midpoint (black outline). There are relatively small
deviations of the blue dots in the y and z axes, indicating the bat flew essentially
in 1D trajectories (fig. S3, B and C). (I) Example session showing speed
profiles along the tunnel, pooled over both flight directions. Gray areas indicate
locations of low flight speeds, owing to takeoff and landing, which were
removed from further analysis of place fields (27). (J) Distribution of the
coefficient of variation (CV) of the flight speed per session (n = 60 sessions;
five bats). The CV was computed over the tunnel’s high-speed portion [excluding
the gray areas from (I)]; mean CV = 0.042. (K) Distribution of number of
flights (laps) per direction per session. Shown are only valid unidirectional long
flights, longer than 100 m (27). Red and blue colors in (K) and (J) indicate
the two flight directions (arrows). (L) Distribution of total distance flown per
session, based on valid long flights only (n = 60 sessions; five bats).
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Fig. 2. Dorsal CA1 hippocampal neurons represented very large space
using many fields with multiscale coding. (A) Examples of firing-rate maps
and raster plots for nine cells. For each neuron, (Top) firing-rate maps calculated
separately for each flight direction (red and blue; arrows above cell 1); (Bottom),
raster plots of spike positions (x axis) for different flights, or laps (y axis); the
detected place-fields are indicated with red and blue thick horizontal lines above
the raster plots [fields inside the low-flight-speed zones (gray) were excluded

(27)]. In each example, the smallest and largest field sizes are indicated (min,
max), together with the ratio between them; the numbers of fields in each direction
are indicated in blue and red on the right. For cells 3 and 7, shown also are
zoom-ins on their smallest field (cell 3, field size 1.0 m; cell 7, field size 0.9 m).
(B to D) Distribution of (B) spatial information, (C) sparsity, and (D) the total
coverage of the environment by place fields, calculated for the firing-rate map
in each flight direction separately (“No. of cells” here refers to significant
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in all the five individual animals (fig. S9).
Although most cells showed heterogeneous
field sizes, some neurons also exhibited amore
uniform scale across their place fields (Fig. 2A,
cell 8), and a small minority of neurons had a
single place field (Fig. 2A, cell 9) (only 12.2%
of the neurons had one field overall, with an
average field size of 5.9 ± 3.5 m; mean ± SD).
Individual neurons exhibited similar multi-
scale firing properties in both flight directions:
a similar number of fields per direction, sim-
ilar median field-size, and similar field size
ratios (fig. S10). This suggests a characteristic
firing propensity per neuron (34) while still
exhibiting widely varying field sizes. Taken
together, most neurons exhibited these two
key properties: many fields per neuron (Fig.
2G) and a multiscale mixture of small fields
and large fields for the same neuron (Fig. 2J).
We next examined several possible alterna-

tive explanations for the multiscale code that
we observed. First, the multiscale property
could not be explained as arising from varia-
tions in flight-speed—for example, larger fields
at high flight speeds—because the flight speed
was in fact highly consistent along the entire
tunnel (Fig. 1, I and J). Further, the field-size
ratio (largest/smallest fields per neuron) was
not correlated with the speed ratio at the
locations of the largest and smallest fields
(Spearman r = 0.03, df = 170, P = 0.67) (Fig.
2K). Moreover, the speed ratio was narrowly
distributed around 1, indicating that the speed
was similar at large and small fields (Student’s
t test of speed ratio versus 1: t = 0.83, df = 171,
P = 0.41; SD of the speed ratio was 0.10) (Fig.
2K). Second, the multiscale property also could
not be explained by systematic differences in
field sizes in the long versus short arms of the
tunnel because we found no significant dif-
ference in field sizes between the two arms
[Kolmogorov-Smirnov test comparing field
sizes in the long versus short arm: P = 0.60 and
0.12 for the two flight-directions (DKS 586,180 =
0.06 and DKS 628,235 = 0.09)], and there was no
significant difference in field sizes between
the long arm and the full tunnel [Kolmogorov-
Smirnov test: P = 0.96 (DKS 1214,1629 = 0.02)]
(fig. S7A). We also found multiscale coding
when restricting the analysis only to the long
arm (fig. S7B). Third, the multiscale property
did not stem from an unusual recording lo-
cation within CA1. All the recordings were

done in the dorsal part of the hippocampus and
spanned rather central proximo-distal locations
in CA1 (fig. S1, A and B); these are the classical
recording-locations used in rodents and bats in
small laboratory setups. Fourth, the multiscale
property of CA1 neurons could not be explained
by spike-sorting quality (fig. S11). Fifth, the re-
sults were robust to the detailed criteria of field
detection (fig. S12).
We then looked for possible contributions

of landmarks to the multiscale code. First,
we considered several landmark-based com-
partmentalizationmodels of the environment,
in which the tunnel is assumed to be seg-
mented into smaller portions at the landmark
locations, allowing fields to merge at the seg-
ment borders (27). These models could not
explain the wide distribution of place field
sizes observed in the data (fig. S13). Second,
we examined the possibility that the multi-
scale code could be explained by an over-
representation (concentration) of place fields
near the landmarks, and in particular small
place fields. However, the cumulative distri-
bution of field locations was linear as a func-
tion of position along the tunnel (Fig. 3A),
with no apparent overrepresentation near
landmarks [but with an overrepresentation
of fields at the two ends of the tunnel, in the
reward areas (fig. S14)]. We computed the dis-
tance of each field’s peak to its nearest land-
mark and compared the distribution of these
distances to the distribution of distances for
shuffled place field locations (27); we found
no significant difference between the two
(Kolmogorov-Smirnov test, P ≥ 0.18 for both
directions) (Fig. 3B), indicating that place fields
did not concentrate near landmarks but were
distributed rather uniformly along the tun-
nel. This uniform distribution was supported
also by an analysis of the gaps between fields,
which showed an exponential distribution
(Fig. 3C), indicating lack of structure in the
spatial arrangement of place fields. Addition-
ally, the entire range of field sizes was repre-
sented rather uniformly along the tunnel, with
no prominent concentration of small (or large)
fields near landmarks (Fig. 3, D and E, and fig.
S15)—likely because of the low saliency of
these landmarks for the bats—except for a few
landmarks that possibly showed slight con-
centration of fields (Fig. 3D). Further, there
was no strong relation between the interland-

mark distance and the field size (fig. S15B)
(however, this does not rule out that very large
fields would be found in extremely impover-
ished large regions of space, where absolute
spatial information is not available over long
distances). Together, these analyses suggest
that the multiscale statistics were not driven
by landmarks.

Comparison between large and
small environments

To examine whether multiscale coding may
be found also in small environments, we re-
corded from the dorsal CA1 of an additional
three bats flying in a short 6-m segment of
the tunnel, which we blocked off (table S1,
dataset 2) (Fig. 4A). This allowed testing di-
rectly the effect of environment size on the
spatial coding of neurons in the dorsal CA1
of bats, using the same experimental design.
The percentage of neurons that were active
during flight in the short 6-m tunnel (36 of
67 cells, 53.7%) wasmuch smaller than in the
full 200-m tunnel (235 of 235 cells, 100%)
(table S1) (27). The majority of the active cells
were significant place cells (30 of 36, 83.3%);
thus, almost half of the neurons recorded in
the 6-m tunnel were significant place cells
(30 of 67 cells, 44.8%). Next, we systematically
compared the spatial tuning properties of cells
in the large versus small environments (Fig. 4,
B to G). In the 6-m small environment, dorsal
CA1 place cells showed only one or two place
fields (Fig. 4, A and B, bottom), in contrast to
the high number of place fields observed in
the large 200-m environment (Fig. 4, B, top,
and E). Across cells, the place field sizes in the
small environment weremuch smaller than in
the large environment (Fig. 4, C and F). At the
single-cell level, neurons in the small environ-
ment had a significantly lower ratio between
their largest and smallest fields as compared
with that in the large environment (Fig. 4, D
and G). Thus, neurons in the small environ-
ment showed virtually no multiscale coding.

Multiscale coding of space is independent of
both early and recent experience

Does multiscale coding of large environments
emerge over time, as a function of experience?
First, we asked whether prior experience in
the long tunnel is needed for the multiscale
code. We conducted recordings of place cells

Eliav et al., Science 372, eabg4020 (2021) 28 May 2021 4 of 12

cells × directions; n = 331). (D) Bottom x axis, total coverage in meters; top x axis,
total coverage in percent of tunnel length. (E) Distribution of firing-map correlations
between odd and even flights (n = 331 cells × directions), showing high correlation
values [median correlation coefficient (r) = 0.87]. (F) Distribution of firing-map
correlations between the two flight directions (gray; n = 135 cells, including only cells
where both directions were significantly tuned) was similar to cell-shuffled distribution
(black) [Kolmogorov-Smirnov test: P = 0.12 (DKS 135,13566 = 0.10)]. (G) Distribution
of number of place fields per neuron per flight direction (n = 331 cells × directions).
Rightmost bar, cases with ≥20 fields per direction. Mean number of fields per direction

was 4.9. (H) Distribution of place field size (n = 1629 fields). The field size ranged from
<1m (leftmost bar of histogram) up to 32m. (I and J) Single cells exhibited multiscale
field sizes (plotted are n = 172 cells with ≥2 fields). (I) Distributions of smallest
and largest field sizes per neuron (shown cells with ≥2 fields). (J) Distribution of the
ratio between largest and smallest field sizes for each neuron. Both axes here are in
log scale. (K) Lack of correlation between largest-to-smallest field size ratio and
the speed ratio at the locations of those fields (plotted are n = 172 cells with ≥2 fields).
For all histograms except (F), the red vertical line indicates mean of distribution, and the
red dot and red horizontal line indicate median and interquartile range, respectively.
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Fig. 3. Place fields were distributed uniformly along the tunnel.
(A) Cumulative fraction of peak firing-rate locations for all the place fields
along the tunnel, pooled across all the five bats and 196 place cells;
plotted for each flight-direction separately (East direction, blue, n = 863 fields;
West direction, red, n = 766 fields). Gray vertical lines, locations of landmarks
(we did not treat the landing balls as “landmarks”). (B) Distributions of the
distances of each field’s peak to its nearest landmark (blue and red, flight
directions) were similar to shuffle distributions (black) [Kolmogorov Smirnov
test, P = 0.82 (DKS 782,7820000 = 0.02) and P = 0.18 (DKS 661,6610000 = 0.04)
for the two flight directions]. (C) Distribution of gaps between fields
(gray bars), overlaid with exponential fit (black line), plotted on a logarithmic
y scale. The good fit to the exponential distribution indicates lack of
spatial structure in the field locations. (D) Field size versus the location

of field peak, pooled across all bats and neurons. Gray vertical lines, locations
of landmarks; open circles, fields larger than 20 m. The entire range of
field sizes was represented along the entire tunnel. (E) Distribution of field
size for the two directions (blue and red), plotted separately for fields
located close to landmarks (thin line, fields <5 m from nearest landmark)
or far from landmarks (thick line, fields ≥ 5 m from nearest landmark).
No significant differences in field-size were found between fields located close
or far from a landmark [Kolmogorov Smirnov test, P = 0.80 (DKS 577,205 =
0.05) and P = 0.25 (DKS 469,192 = 0.09) for the two flight directions]. In
(B) and (E) we excluded fields whose peak occurred before the first landmark
or after the last landmark in the tunnel, where the assignment of “nearest
landmark” is one-sided and hence biased [the same was done for the
shuffles in (B)].
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from the first exposure to the novel large
environment.We recorded 125 place cells from
two bats flying in a 130-m portion that was
blocked out of the 200-m tunnel, with neural
recordings commencing from the very first
day in the tunnel (day 1) and continuing over
several weeks (with new cells being recorded
every day) (table S1, dataset 3). Cells were
spatially tuned already in the first sessions
and exhibited many place fields with differ-
ent sizes (Fig. 5A). The multifield, multiscale
properties were seen from day 1 and were
stable across several weeks of recordings,
showing no significant trend in the number
of fields (Fig. 5B), field sizes (Fig. 5C), or field-
size ratio (Fig. 5D) [overall, place fields in the

130-m tunnel exhibited somewhat smaller
numbers of fields, field sizes, and field-size
ratios as compared with those of the 200-m
tunnel (Fig. 5, B to D, bars on the right)].
This suggests that the multiscale coding does
not require substantial recent experience with
the long tunnel. Although the general multi-
scale properties were stable over days (Fig. 5,
B to D), the cells occasionally exhibitedwithin-
day dynamics in the form of fields appearing
and disappearing (Fig. 5E). The rate of within-
day changes was larger during the first 2 days
of the bat in the tunnel (two-proportion z test,
P < 0.001) (Fig. 5F) but also occurred many
days after the first exposure (Fig. 5, E, cells 7
and 8, and F), which is consistent with pre-

vious findings in mice of ongoing changes in
the tuning of place cells (35, 36).
Second, we asked whether laboratory-born

bats that were never exposed to large environ-
ments would lack a multiscale code. We re-
corded from an additional three adult bats
that were born in the laboratory and grew up
in an enriched environment but had never ex-
perienced during development any large-scale
environments bigger than a few meters (table
S1, dataset 4, and fig. S16) (27)—in contrast to
the wild-caught bats that navigated long dis-
tances outdoors during development (37). The
laboratory-born bats were trained to fly in
the 200-m tunnel for several weeks and were
thus familiar with the environment before the
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(G) Student’s t test with unequal variances, P = 1.8 × 10−14, t = 8.91; Wilcoxon rank-sum test, P = 4.6 × 10−5, z = 3.91; ***** P < 10−5 for the t tests in (E) to (G).
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Fig. 5. Multiscale coding exists already from the first days of exposure to
the tunnel. Experiments from day 1 were conducted in a 130-m portion of
the 200-m tunnel (table S1, dataset 3). (A) Examples of firing-rate maps and
raster plots for four cells recorded in a large-scale environment during the
first days of exposure. Same graphical conventions as in Fig. 2A. The days since
first exposure are indicated for each cell (day 1 is the very first day of exposure;
day count represents experimental days). (B to D) Population scatter plots of
(B) the number of fields per direction, (C) field sizes, and (D) field size ratio as a
function of days since first exposure. There is a lack of trend across days
(Spearman r, P > 0.13 for all three scatters), suggesting that the multiscale coding
exists already from day 1. For display purposes only, dots were jittered along the x
axis (uniform jitter of ±0.5 days); in (B), dots were jittered also along the y axis
(uniform jitter of ±0.3 fields); all correlations were computed without the jitter.

Error bars in main plots, mean ± SD (using 5-day bins with no overlap). (Insets) Gray bars are
mean ± SEM for the three tunnel lengths used in this study: 6, 130, and 200 m. (E) Four
examples of within-day dynamics in spatial tuning. Raster plots show spike positions in each flight
(blue and red dots indicate two flight directions), with the behavioral coverage shown with light gray lines. Arrowheads
indicate field appearance (filled arrowheads) or disappearance (empty arrowheads). These dynamics occurred in both small and large fields and happened both on the first
days of exposure (cells 5 and 6) and after ≥1 month (cells 7 and 8). (F) Probability of appearance and disappearance of fields (per-flight probability of change in any of the fields), grouped
by the day from first exposure: days 1 and 2, days 3 and 4, days 5 and 6, and ≥7 days. Error bars, mean ± standard error of the proportion (27). In the first 2 days after
exposure, the cells exhibited a higher probability of appearance or disappearance of fields than on later days (two-proportion z test, P < 0.001 for all six tests comparing days 1 and
2 versus the other days). The probabilities for appearance and disappearance were similar over the entire course of exposure (compare black versus white bars; two-proportion z test:
P = 0.64, pooled over all days), which is consistent with the overall stability over weeks in the number of fields per neuron (B). *****P < 10−5, ****P < 10−4, ***P < 10−3.
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neural recordings, similar to the wild-born
bats (Fig. 6A). The laboratory-born bats were
in good flight shape and flew similar distances
in the tunnel as those of the wild-born bats
(fig. S16B). Thus, the main difference between
the laboratory-born and wild-born bats was
their experience during development, with all
other experimental conditions being kept iden-
tical (Fig. 6A) (27). We recorded 113 cells in the
dorsal CA1 of the laboratory-born bats, out of
which 95 were place cells (84.1%), which is
very similar to the percentage of place cells
in wild-born bats (83.4%). The place cells of
laboratory-born bats showed amultifield,mul-
tiscale code, with individual neurons exhibit-
ing many fields with varying sizes per-neuron
(Fig. 6B, examples; Fig. 6, C to E, population),
which is similar to place cells recorded from
the wild-born bats. We then compared the
multiscale properties between the two groups
(Fig. 6, C to H): (i) The number of fields per
direction was not significantly different (Fig.
6, C and F). (ii) Both groups exhibited wide
distributions of place field sizes, with wild-born
bats having slightly larger fields (Fig. 6, D and
G) [this difference was not due to differences
in dorso-ventral recording positions along the
longitudinal axis of CA1, which were very sim-
ilar in both groups (Fig. 6I), but could be due
to the slightly different recording positions
along the proximo-distal axis of CA1 (Fig. 6I)].
(iii) The field-size ratio was not significantly
different between the groups (Fig. 6, E andH),
despite the difference in field sizes—indicating
a similarmultiscale code between laboratory-
born and wild-born bats.

The multiscale code yields substantial
advantages for large environments

We next turned to a theoretical analysis to
understand the possible functional advan-
tage of the multiscale representation of large
environments. We compared the perform-
ance of six spatial encoding schemes (Fig. 7A)
(27): (scheme 1) a single small place field per
neuron; (scheme 2) a single large place field
per neuron; (scheme 3) a single place field
with a gradual increase in field size across the
population, mimicking the dorso-ventral ana-
tomical gradient of field sizes in the hippo-
campus (17); (scheme 4) multiple small fields
per neuron, identical in size for all the neurons
(18); (scheme 5) multiple fields per neuron, all
with the same size for each neuron but with
different scales across different neurons; and
(scheme 6) multiple fields with multiscale
coding per neuron, as in our data. The distri-
bution of field sizes for schemes 5 and 6 was
matched to our data [field sizes were drawn
from a g-distribution fitted to the data (fig.
S8) (27); the field-size ratio for scheme 6 also
closely matched the data (fig. S17G); variants
of schemes 5 and 6 inwhich wematched also
the total coverage of fields to the data are

shown in fig. S17]. We used two types of
decoders, a Bayesian maximum-likelihood
decoder (Fig. 7) and a population-vector de-
coder (fig. S18), and two integration time win-
dows,Dt = 500ms (Fig. 7) andDt = 200ms (fig.
S19) (27). We compared the decoding error
of simulated data for each of these six encod-
ing schemes for progressively larger environ-
ments. For small environments, all six encoding
schemes performed qualitatively equally well,
but for very large environments (hundreds of
meters), the experimentally observed encoding
scheme with multiscale place fields substan-
tially outperformed the other schemes (Fig. 7,
B to E, and fig. S18, B to E). Specifically, for
encoding schemes with either a single field
(schemes 1, 2, or 3) or multiple fields of small
size (scheme 4), the number of neurons re-
quired to accurately decode the animal’s posi-
tionwas extremely large for large environments
(Fig. 7B, left; the red, green, pink, and yel-
low lines go out of bounds). By contrast, the
two schemes with multiple fields of vary-
ing sizes (schemes 5 and 6) required only
~50 neurons for accurately decoding the bat’s
position, even in a very large environment of
1000 m in size (Fig. 7B, left; a 2-m decoding
accuracy). Furthermore, the mean decoding
error for schemes 1 and 4 increased dramatically
for large environments (Fig. 7C, red and green),
but for schemes 5 and 6, the mean decoding
error barely increased as a function of the envi-
ronment size (Fig. 7C, inset, blue and purple),
maintaining a small decoding error of 5 to 10m
for a 1000-m environment, even for a very small
ensemble of 50 neurons (Fig. 7C, inset).We thus
conclude that encoding schemes 1 to 4 are less
suitable for very large environments.
Next, we asked whether scheme 6, which

closely matches our experimental results, offers
any functional advantage over scheme 5. We
reasoned that scheme 5, in which all the fields
of the same neuron have the same field size, is
problematic because when a neuron emits a
spike, it could mean that the animal is located
in any of the neuron’s fields; this creates large
positional ambiguity. By contrast, scheme 6, in
which each neuron has multiscale fields, alle-
viates this problem because the neuron’s spike
count during an integration time Dt differs
between different fields—the neuron produces
many spikes in large fields but only a few
spikes in small fields—and this variability
serves to disambiguate which field the ani-
mal passed through; this in turn improves the
decoding accuracy. For large, 1000-m environ-
ments, the mean decoding error was substan-
tially smaller for scheme 6 than for scheme 5
(Fig. 7C, inset, compare purple and blue lines).
Moreover, scheme 6 led to much smaller and
fewer catastrophic decoding errors (Fig. 7, D
and E, compare purple and blue lines) [There is
a ~10-fold difference in the size of catastrophic
decoding errors, defined as the 99th percentile

of the decoding errors (Fig. 7D, inset) and an
approximately two- or threefold difference in
the probability of catastrophic errors, which is
defined as the probability of decoding error
larger than 5% of the environment size (Fig.
7E)]. All of these theoretical results were robust
to the choice of decoder type (fig. S18), the choice
of integration timewindow of the decoder (fig.
S19), and choice of the parameter that controls
the scaling of encoding schemes with environ-
ment size (fig. S17H) (27). Together, this theoretical
analysis suggested that for small environments,
all the encoding schemes perform equally well
(Fig. 7, B to E; all six lines meet at the environ-
ment size of 20 m); by contrast, for very large
environments, of hundreds of meters ormore,
scheme 6—whichmatches themultiscale coding
that we found in bat CA1—outperforms all the
other coding schemes.
Last, we suggest that the absence of a mul-

tiscale code in small environmentsmight stem
fromenergy considerations.Weused published
experimental estimates of the energy [adeno-
sine triphosphate (ATP) molecules] required
to generate one action potential (27, 38) to
approximate the energy required to represent
environments of different sizes for the various
coding schemes (Fig. 7F). In small environ-
ments, classical single-field codes (schemes 1
to 3) were more energetically efficient than
our multiscale code (scheme 6). Because all of
the codes exhibit a similar localization per-
formance in small environments, the energetic
consideration becomes more important, and
therefore the single-field codes are preferable
for small environments. By contrast, in large
environments our multiscale code becomes
energetically closer to the single-field codes
and even surpasses some of them in terms of
energy consumption (Fig. 7F, compare scheme 6
with the other schemes). Further, the localization
accuracy of classical single-field codes deterio-
rates so greatly in large environments (Fig. 7, C
to E) that the energetic consideration becomes
largely irrelevant, and the superior localiza-
tion accuracy of the multiscale code becomes
the central consideration. Thus, we propose
that this energetic consideration—and in par-
ticular, the tradeoff between energy expendi-
ture and coding performance—may explain
why in small environments there is no multi-
scale code. Taken together, the theoretical de-
coding analyses suggest that the multiscale
code is better suited than classical place codes
for representing very large spaces, such as real-
world natural environments.

Neural network modeling of multiscale codes:
Attractor networks and feedforward models

Classical models of hippocampal place cells
are characterized by a single spatial scale per
neuron in a given environment (39–47). We
investigated two types of models that might
support multiscale representations (figs. S20
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Fig. 6. Multiscale coding does not require early exposure to large-scale
environments during development. Comparison of multiscale properties
between laboratory-born bats that were raised in a 5-m-sized room (27)
and have never experienced large-scale environments during development
(green) (table S1, dataset 4) versus wild-born bats that were caught as adults
outdoors (gray). Both groups of bats were tested under identical conditions
in the 200-m tunnel. (A) Schematic of experimental design. The only difference
between laboratory-born and wild-born bats occurred during early life;
subsequent stages were identical: Both groups spent several months in the
same colony-room before surgery, and then the training and recording
procedures were identical for both groups. (B) Examples of firing-rate maps
and raster plots for six cells recorded from laboratory-born bats flying in

the large-scale environment (200-m tunnel). Same graphical conventions as in
Fig. 2A. (C to E) Distributions of (C) number of fields per direction, (D) field
sizes and (E) field-size ratio for laboratory-born bats (green) and wild-born
bats (gray), recorded in the same large-scale environment. (C) nlab = 161 cells ×
directions, nwild = 331. (D) nlab = 649 fields, nwild = 1629. (E) nlab = 82 cells,
nwild = 172 [only cells with ≥2 fields shown in (E)]. y axes are in log scale.
(Insets) Same histograms with y axis in linear scale. (F to H) Population
comparisons between laboratory-born and wild-born bats: (F) number of fields
per direction, (G) field sizes, and (H) field-size ratio. Boxplots denote the
median (horizontal line), 25 to 75% (box), and 10 to 90% (whiskers); P values
of Wilcoxon rank-sum tests are indicated. (F) df = 490, z = –1.33. (G) df =
2276, z = –8.92. (H) df = 252, z = –0.47. Despite significant difference in the
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to S23 and supplementary text). First, we used
a continuous attractor neural-network frame-
work (fig. S20, A to C) (40, 42–44, 47, 48). We
generated a network with multiple interact-
ing attractors at various scales, in which each
neuron could participate in any of the attrac-
tors at a random location (fig. S20A) (27). Net-
work simulations showed coherent bumps of
activity at each attractor, with different bump
widths (fig. S21, A and B), and single neurons
exhibited multifield, multiscale coding (fig.
S20B) that was consistent with our experimen-
tal data. Second, we explored a set of feedfor-
ward models, in which CA1 neurons received
inputs from CA3 and medial entorhinal cortex
(MEC) with diverse synaptic strengths (fig.
S20, D to J) (27). The modeling suggested that
the experimental data were inconsistent with
a strong periodic grid input and were most
consistent with a model in which the major
input into CA1 comes from CA3, in which in-
dividual CA3 neurons exhibit a single place-field
(supplementary text and fig. S20J).We thus pre-
dict that in very large environments, (i) MEC
neurons should not exhibit strong periodic-
ity, and (ii) place cells in CA3 (unlike those in
CA1) should exhibit single place fields.

Discussion

We found a multiscale neural code for large
environments: Single hippocampal neurons
in the dorsal CA1 area of bats exhibitedmany
fields, and the different fields of the same
neuron varied dramatically in size, with an
up to 20-fold ratio in the size of different place
fields for the same neuron. This unknown
coding scheme was revealed through the use
of an extremely large environment. This find-
ing constitutes a fundamentally different phe-
nomenon from the well-known gradient of
place field sizes along the longitudinal ana-
tomical axis of the hippocampus (14, 17, 49)—
where each neuron has one characteristic
spatial scale, and this scale changes between
neurons according to anatomical position.
In this study, by contrast, all the recordingswere
conducted in the same anatomical position,
the dorsal CA1 (fig. S1), and we found that in-
dividual neurons did not have a single scale
but rather that the spatial scale of the same
neuron varied dramatically across the envi-
ronment. Further, this neural codewas observed
from the first day of exposure to the environ-
ment and was similar between laboratory-
born and wild-born bats, suggesting that the
multiscale code is a very robust phenomenon
that does not require substantial recent ex-

perience with the test environment nor
early experience with large environments
in general.
Previous studies in rodents have reported

multiple place fields for individual CA1 neurons
in (relatively) large environments (18, 31, 32)—
although the number of fields per neuron was
much smaller than we found here—but no
study to date has found the multiscale prop-
erty that we discovered here for individual
neurons. Our theoretical decoding analysis
provides a simple functional explanation for
this multiscale code: For very large environ-
ments, multiscale coding outperforms all the
other codes that we considered, in terms of
reducing the number of required neurons and
minimizing the decoding errors. We hypoth-
esize that the reason why previous studies
(18, 31, 32) did not find amultiscale code was
that they usedmuch smaller environments, or
concatenated small compartments, where such
a code does not provide a functional advantage.
Recordings from bats flying in a small environ-
ment did not show a multiscale code (Fig. 4).
The absence of amultiscale code in the small

environment can be interpreted in two ways:
(i) Neurons in small environments exhibit the
classical place code and switch to a multi-
scale code in large environments. (ii) Multi-
scale coding is the underlying representation
in all environmental scales, but the multiscale
nature of the code cannot be revealed in small
environments, where the firing reflects a small
“pinhole view” of the larger multiscale map,
and therefore the largest fields are too big to
be seen because they cover the entire space.
However, option (ii) seems unlikely because we
would then expect to see in the 6-m setupmany
neurons that fire over the entire environment,
thus reducing substantially the percentage of
place cells out of the neurons active in flight—
but in fact, these percentages were remarkably
similar between the 6-m and 200-m environ-
ments (83.3 and 83.4%, respectively).
Our multiscale findings open the way for

numerous future questions on the neuro-
biology of large-scale navigation. For exam-
ple: What are the mechanisms that underlie
thismultiscale coding that we discovered? Our
network modeling suggested that one possi-
bility is a feedforward convergence of inputs
fromCA3, where each CA3 neuron has a single
field (fig. S20, D, left, and J), and also predicted
that MEC neurons should not exhibit spatial
periodicity in large environments (fig. S20, G
to I). Further, what is the biological decoder
thatmay read this code downstream?How are

such large spaces learned by the hippocampal
system? Are there ultralong compressed firing
sequences during rest and sleep, similar to
sequences observed in laboratory environments
(50–52), but extending over hundreds of meters
or more? If so, what are the mechanisms that
could create these sequences under this multi-
scale code, in which each neuron would par-
ticipate multiple times in each sequence, each
time with a different resolution? More broadly,
these findings call for performing neuro-
physiological research in very-large-scale envi-
ronments on all types of hippocampal and
entorhinal spatial neurons. We posit that such
research is crucial for understanding the brain’s
“navigation circuit” for two reasons: First, most
animals and humans evolved to navigate in
multicompartment environmentswith differ-
ent spatial scales, including very large scales,
so it is important to conduct neurobiological
research on large scales. Second, studies in
humans have emphasized that spatial scale
is important for navigation; people navigate
differently in large versus small environments,
which calls for conducting navigation experi-
ments in very large environments (53). Our
study provides direct single-neuron evidence
that the use of a real-world spatial scale can re-
veal a fundamentally newkind of spatial coding
in the hippocampus. This work thus makes a
step toward bridging the major gap between
the neurobiological tradition of studying the
brain’s navigation circuit in small-scale labora-
tory setups and the ecological tradition of study-
ing large-scale animal navigation outdoors.

Materials and methods summary

We conducted tetrode-based recordings of
single neurons in the dorsal hippocampus
area CA1 of Egyptian fruit bats (Rousettus
aegyptiacus), in bothwild-born and laboratory-
born bats, using a wireless electrophysiology
system, while the bats were flying in a very
large environment (200-m-long tunnel), in
either familiar or novel conditions. For com-
parison, we also recorded from bats flying in a
6-m segment of the tunnel. The experimental
datasets are summarized in table S1. We local-
ized the bat’s position in the tunnel using a
radio frequency–based system yielding ~9-cm
precision.We computed firing-ratemaps sepa-
rately for each flight direction and used spatial
information and a shuffling procedure to iden-
tify significant place cells. Individual place fields
were detected as prominent, stable, and sig-
nificantly tuned peaks in the firing-rate maps.
To theoretically compare the observed spatial
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field-sizes distribution [(G) P = 5 × 10−19], the field-size ratio distribution
did not differ significantly [(H) P = 0.64], indicating that the multiscale code
exists also in neurons recorded from laboratory-born bats. (I) Anatomical
positions of tetrodes along the CA1 longitudinal (dorso-ventral) axis and

proximo-distal axis [0% longitudinal: dorsal (septal) pole of CA1; 0% proximo-
distal, proximal border with CA2]. Tetrodes from both groups had similar
longitudinal coordinates in dorsal CA1, but laboratory-born bats’ tetrodes
concentrated more proximally along the proximo-distal axis of CA1.
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1: Single small field
2: Single large field
3: Single field, dorso-ventral gradient
4: Multiple small fields (Rich et al. 2014)
5: Multiscale (population)
6: Multiscale (single-cell), matching bat data in 200 meters
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F Energy considerationsFig. 7. Theoretical analysis showed that multiscale coding decreases the decoding error for large
environments. Decoding accuracy analysis for simulations of six different models (encoding schemes), using
maximum likelihood decoder and integration time window of 500 ms (27). (A) We examined six different
encoding schemes for spatial representations; shown here are 10 simulated example neurons for each scheme:
(scheme 1) single field with small size; (scheme 2) single field with large size; (scheme 3) single field with
gradually increasing field-size across neurons – mimicking the dorso-ventral anatomical gradient of field
sizes; (scheme 4) multiple small fields [the distribution of field-propensity was taken from (18)]; (scheme 5)
multiple fields with fixed size per neuron, but with variable sizes across the population; and (scheme 6) multiple
fields with multiscale per neuron (as in the bat data). In schemes 5 and 6, we matched the distribution of
field sizes to our data (fig. S8). The mean coverage in schemes 2, 5, and 6 was identical (27). (B) (Left) Minimal
number of neurons required for reaching mean decoding error <2 m, plotted as a function of different
environment sizes (from 20 to 1000 m). (Right) Slopes of the curves on the left, representing how many
additional neurons are required on average when increasing the environment size by 1 m. Colors represent
the six encoding schemes. (C to E) Decoding errors when using n = 50 neurons. (C) Mean decoding error
versus environment size, showing that schemes 1, 3, and 4 exhibit huge decoding errors for large environments.

(Inset) Zoom-in on errors smaller than 20 m (y axis), showing that per-neuron multiscale encoding (scheme 6, purple) outperforms fixed scale per-neuron
(scheme 5, blue) in terms of mean decoding error. [(D) and (E)] Catastrophic errors. (D) Rare large errors (99th percentile of decoding error), plotted versus
environment size. (Inset) Same plot in log-scale for the y axis. (E) Probability of decoding error larger than 5% of the environment size, plotted as a function of
environment size. (F) Theoretical estimate of energy expenditure under the various coding schemes: Shown is the number of ATP molecules per second required to
represent the environment with mean decoding error < 2 m, plotted against the environment size (27).
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coding scheme with a set of five other coding
schemes, we generated synthetic data for each
coding scheme and then used maximum-
likelihood and population-vector decoders
to test their decoding performance. To theo-
retically explore the possible neural-network
mechanisms underlying the observed coding,
we considered both an attractor network
model, based on multiple interacting attrac-
tors that randomly share neurons between
them, as well as four feedforward models,
based on inputs fromMEC and CA3. Further
details can be found in the supplementary
materials, materials and methods.
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