


Article

Fragmented replay of very large environments in the
hippocampus of bats

Graphical abstract

Highlights

• Hippocampal recordings in a large environment reveal

naturalistic aspects of replay

• Replays are fragmented, each covering ∼6% of the

environment

• Replays depict behaviorally relevant events, e.g., landings

and conspecific interactions

• Fragmented replays may reflect memory chunking for

hippocampal-cortical communication

Authors

Tamir Eliav, Shir R. Maimon, Ayelet Sarel,

Shaked Palgi, Liora Las,

Nachum Ulanovsky

Correspondence

nachum.ulanovsky@weizmann.ac.il

In brief

Hippocampal replays in bats flying in a

200-m tunnel depict short fragments of

long flight trajectories, suggesting

constraints on the mechanisms and

functions of replay.

200

0

During sleep and awake pauses: 
Fragmented replay of bat's position in the hippocampus

Time

Bat flying 
in a 200-m 
tunnel

Bat resting

200

0
Positi

on (m
)

Decoded

Positi
on (m

)

Ripples

Pl
ac

e 
ce

lls200

0

Positi
on (m

)

Eliav et al., 2025, Cell 188, 4091–4105

July 24, 2025 © 2025 Elsevier Inc. All rights are reserved, including those for

text and data mining, AI training, and similar technologies.

https://doi.org/10.1016/j.cell.2025.05.024 ll

mailto:nachum.ulanovsky@weizmann.ac.il
https://doi.org/10.1016/j.cell.2025.05.024
http://crossmark.crossref.org/dialog/?doi=10.1016/j.cell.2025.05.024&domain=pdf


Article

Fragmented replay of very large environments 
in the hippocampus of bats

Tamir Eliav,1,2,3 Shir R. Maimon,1,2 Ayelet Sarel,1 Shaked Palgi,1 Liora Las,1 and Nachum Ulanovsky1,4,*
1Department of Brain Sciences, Weizmann Institute of Science, Rehovot 76100, Israel
2These authors contributed equally 
3Present address: Max Planck Institute for Biological Intelligence, Seewiesen 82319, Germany 
4Lead contact 

*Correspondence: nachum.ulanovsky@weizmann.ac.il

https://doi.org/10.1016/j.cell.2025.05.024

SUMMARY

The hippocampus is crucial for memory. Memory consolidation is thought to be subserved by hippocampal ‘‘re

plays’’ of previously experienced trajectories. However, it is unknown how the brain replays long spatial trajec

tories in very large, naturalistic environments. Here, we investigated this in the hippocampus of bats that were 

flying prolonged flights in a 200-m-long tunnel. We found many time-compressed replay sequences during 

sleep and during awake pauses between flights, similar to rodents exploring small environments. Individual neu

rons fired multiple times per replay, according to their multiple place fields. Surprisingly, replays were highly 

fragmented, depicting short trajectory pieces covering only ∼6% of the environment size—unlike replays in 

small setups, which cover most of the environment. This fragmented replay may reflect biophysical or network 

constraints on replay distance and may facilitate memory chunking for hippocampal-neocortical communica

tion. Overall, hippocampal replay in very large environments is radically different from classical notions of mem

ory reactivation—carrying important implications for hippocampal network mechanisms in naturalistic, real- 

world environments.

INTRODUCTION

The hippocampus plays a key role in various cognitive functions, 

including spatial navigation and memory.1–4 Navigation is 

thought to be subserved by hippocampal place cells—neurons 

that encode the animal’s current location in the environment.5–9

Memory consolidation, on the other hand, is thought to be sub

served by ‘‘replay’’ events in the hippocampus—wherein ensem

bles of hippocampal place cells exhibit sequential reactivation of 

previously experienced trajectories.10–13 Hippocampal replays 

unfold at a faster speed than the actual behavioral trajectories, 

thus temporally compressing the original trajectory.10–17 Such 

fast neuronal replay sequences are seen during both sleep and 

awake states and have been studied extensively in rodents navi

gating in small environments.14–17 Yet, despite a quarter century 

of research, the function of hippocampal replay remains 

debated. One widely held theory suggests that replay is impor

tant for memory consolidation. This idea is supported by studies 

showing that disruption of replay events, and their associated 

sharp-wave ripples, leads to memory deficits.18–21 According 

to this memory-consolidation theory, during ‘‘offline’’ states, 

such as sleep and awake pauses in behavior, the hippocampus 

sends ‘‘packets’’ of information to the neocortex—in the form of 

replays—in order to encode recent events into long-term mem

ory storage.14,15,22–25 An alternative theory on hippocampal 

replay suggests that it is not related to memory of past events 

but rather to planning of future trajectories.26,27 However, for 

both the memory and planning theories of replay, there is a major 

gap—it is unknown whether and how replays occur in large, 

naturalistic environments and for prolonged behavioral epochs.

To date, replays were always studied in relatively small envi

ronments, typically 1–2 m in size, and up to 10 m28—and the re

plays that were found have typically spanned all or most of the 

distance traveled within the environment.10–12,28 It remains un

known how information on very large, natural-scale environ

ments is replayed in the hippocampus. Are there replays on 

such spatial scales? If so, we posited two possibilities: first, 

that the entire huge environment would be replayed at an ultra- 

fast speed. Second, if replay speed is similar in both large and 

small environments, then the replay duration must be ultra-pro

longed in time. Here, we set out to answer these questions by 

studying bats flying in a very large environment. We observed re

plays occurring both during sleep and during awake pauses be

tween flights. Surprisingly, however, these replays did not 

conform to any of the aforementioned two possibilities. Instead, 

we found an unexpected third option.

RESULTS

Hippocampal replay of a very large 200-m environment

To investigate hippocampal replay in very large environments, 

we analyzed data from experiments in 7 Egyptian fruit bats, 
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which were flying back-and-forth between two landing platforms 

in a 200-m-long or 130-m-long tunnel29 (Figure 1A; localization 

accuracy 9 cm). Flight speeds were between ∼6 and 8 m/s: 

the speed for each bat was very constant along the tunnel and 

was stable throughout each session.29 Because of the consider

able length of the tunnel, the durations of continuous flight 

epochs were very long: ∼22–32 s in each direction for the 

200-m tunnel and ∼15–22 s for the 130-m tunnel (Figure 1B). 

Thus, both the spatial size of the environment and the temporal 

duration of continuous movement trajectories were much larger 

than in previous studies of hippocampal replay.

We used a multi-tetrode microdrive and a lightweight wireless 

neural-logger device to record neuronal ensembles from dorsal 

hippocampal area CA1 during flight29 as well as during two off

line states: (1) awake pauses between flights, wherein the bat 

paused on the landing platforms (median pause duration: 25.6 

s) and (2) sleep sessions before and after the behavioral session 

(Figure 1A; STAR Methods). We used a clusterless state-space 

decoder13,30 (STAR Methods) to decode the animal’s position 

from the ensemble neuronal activity—both during behavior 

(flight decoding) and during sleep and awake pauses (replay de

coding). We decoded position separately for the two flight direc

tions because place-cell maps are independent between two 

movement directions.29,31 The decoder’s performance during 

flight was very good, with small decoding errors (examples: 

Figures 1C and 1D; population: Figure 1E). We retained for anal

ysis 82 sessions for which the median decoding error during 

flight was low—less than 2% of the environment size—i.e., ses

sions that yielded high decoding accuracy (Figure 1E). For these 

sessions, the median decoding error was typically ∼1 m, namely 

∼0.5% of the environment size (Figure 1E, right). In some ses

sions, the decoding error was even lower—as low as 0.5 m or 

0.25% of the environment size. This extremely good perfor

mance of the decoder allowed us next to use the same decoder 

on the same 82 sessions in order to also decode neuronal activity 

during sleep and awake pauses—in search of replays.

Replays were readily observed during both sleep sessions and 

awake pauses (Figures 1F, 1G, S1, and S2; red lines are linear 

fits). Replays were defined using four criteria (STAR Methods): 

(1) decoder probability of being in a movement state: p > 0.8 

(same threshold as in Gillespie et al.13 and Denovellis et al.30), 

(2) replay score > 0.5, (3) replay duration > 50 ms, and (4) replay 

distance > 3 m (3 bins of 1 m). As in rodents, the replays typically 

occurred during sharp-wave ripple events in the local field po

tential (Figures 1H and S2A [‘‘ripple’’]) and were accompanied 

by an increase in the population firing rate (Figures 1I and S2A, 

top). Individual replays could span several sharp-wave ripples 

(Figure 1J), as shown previously in rodents.28 Overall, we identi

fied 7,213 replays from 82 sessions in 7 bats (3,663 sleep replays 

and 3,550 awake replays). This demonstrates that there are 

indeed hippocampal replays in ultra-large environments with a 

naturalistic spatial scale.

The spiking of individual neurons during replays 

reflected the neuron’s multi-field tuning

In a previous study, we showed that hippocampal CA1 place 

cells exhibited multiple place fields as bats flew in the long tun

nel.29 This raised the following question: does the same neuron 

participate multiple times in each replay—once for each of 

its fields?

First, we observed that, in many cases, the spiking of individ

ual neurons during replays indeed followed the spatial structure 

of their multi-field tuning (Figures 2A–2C; note that in Figure 2C 

middle, during the replay [red diagonal line], each of the neurons 

fired according to its tuning [which is shown on the right]; in 

particular, the green neuron fired twice in its two place fields 

Figure 1. Behavior and examples of hippocampal replays in a very large environment 

(A) Behavior of a bat in one example session (130-m tunnel). Black line, bat position versus time, showing its flights between the two ends of the tunnel. Purple 

horizontal lines, sleep sessions during which sleep replays were decoded. Green horizontal lines, awake-pause periods on the landing platforms, during which 

awake replays were decoded. 

(B) Distributions of flight durations (for individual continuous nonstop flights in one direction). Colors, different bats. The different flight durations are due to flight- 

speed differences between individual bats, and to the two tunnel lengths (200 m: 5 bats, 130 m: 2 bats). 

(C–E) Decoding position during flight behavior. (C) Examples of decoding for two individual flights, showing the real position (thick black line) and decoded 

position (thin orange line) versus time. (D) Confusion matrix of decoded position versus real position for the example session shown in (A) and (C). Grayscale, 

decoded probability; each column (1-m bins) depicts the probability-distribution that the bat was in that position; the sum of each column is 1. Note the high 

probabilities (dark-gray) along the diagonal, indicating excellent decoding during flight. (E) Population summary of decoder performance during flight. Left, 

cumulative distribution functions of the positional decoding error (absolute difference between bat’s real position and the peak of the decoded posterior 

probability distribution). Colored lines, individual sessions (recording days) that passed the inclusion criteria of high decoding quality in flight (n = 82 sessions from 

7 bats); black thick line, average of colored lines. Right, distribution of median decoding errors per session (n = 82 sessions). 

(F) Examples of replay events during sleep. Top, posterior probability for the movement state in the decoder (marginal of the plot below); note the probability 

reaches values close to 1; we used a threshold of probability >0.8 for detecting replays. Bottom, decoded positions (posterior probability) versus time for the 

movement state (for display purposes, the colors in this 2D matrix were clipped between 1% and 99% percentiles of the probability values in the matrix). Overlaid 

red line, detected replay (based on Radon transform); time 0, start of detected replay. 

(G) Examples of replay events during awake pauses. Plotted as in (F). 

(H) Average ripple-power triggered on replay events, shown for ±10-s window around the replay event (time 0, replay centers; power Z scored separately 

for each ±10-s window)—plotted separately for sleep replays (purple, n = 3,663) and awake replays (green, n = 3,550). Shaded area, mean ± SEM. Inset, ±2-s 

zoom-in. 

(I) Multiunit firing rate (Z scored), triggered on replay events; plotted similarly to (H). Note the increase in ripple power (H) and multiunit firing rate (I) around the 

decoded replay events. 

(J) Replays could span several sharp-wave ripples, and the number of spanned sharp-wave ripples increased with the replay duration (Spearman ρ = 0.33, p = 

2.8 × 10− 61; data pooled for awake and sleep replays; shown only replays where ≥1 sharp-wave ripple was detected; data were jittered along the y axis for 

visualization only). 

See also Figures S1 and S2.
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and likewise for the blue, orange, and black neurons; the pink 

neuron fired 4 times, in 4 of its 5 fields).

Second, we constructed within-replay tuning curves for indi

vidual neurons. These were computed similarly to the standard 

in-flight tuning curves—where spikes are counted in each posi

tion during flight and are then normalized by the time spent by 

the bat in that position during flight, pooling over all the flights 

in the session (Figure 2D, black curves)—but here, we counted 

the spikes in each decoded position during replays and then 

normalized them by the time spent in that decoded position dur

ing all replays in that session (Figure 2D, red curves; STAR 

Methods; we included here both awake replays and sleep re

plays). We found a striking similarity between the within-replay 

tuning curves and the standard in-flight tuning curves of the 

same neurons (examples: Figure 2D, compare red and black 

curves; population: Figure 2E, note the high correlations be

tween the red and black curves for the real neurons [‘‘data,’’ 

gray bars] as compared with cell shuffles [black line]: t test of 

data versus shuffles, p = 1.9 × 10− 278; Kolmogorov-Smirnov 

test, p = 3.1 × 10− 151). This demonstrates again that the spiking 

of individual neurons during replays recapitulated the multi-field 

structure of their spatial tuning curves.

Replays were fragmented and encoded short snippets of 

the environment

Next, we investigated the properties of the replays. In rodents 

running in small environments, replays typically last between 

100 ms and a few hundred milliseconds, they sweep at speeds 

that are usually between ∼5- and 15-fold faster than the behav

ioral running speed of the animal, and an individual replay typi

cally traverses most of the environment or the entire environ

ment.10–12,28,32 Here, we examined this in bats in the long 

tunnel. We used a standard method (based on the Radon trans

form; STAR Methods) to fit straight lines to the replay’s decoded 

probability versus time (Figures 1F and 1G, red lines)—which al

lowed us to extract the replay’s temporal duration, speed, and 

distance. We posited three distinct hypotheses on how the hip

pocampus may replay such a huge environment: (1) the replay 

durations would typically be 100–200 ms, similar to replay dura

tions in rodents in small environments,11,12,28 and the replay dis

tances would span the entire tunnel length—but this will neces

sitate the replay speed to be extremely fast, ∼1–2 km/s. (2) The 

replay distances would span the entire tunnel length, while the 

replay speeds would be only several-fold faster than the move

ment speed, similar to rodents in small environments10,32—but 

this will necessitate the replay durations to be extremely long: 

several seconds. (3) The replay duration would be similar to small 

environments, and the reply speed would be similar to small en

vironments—but this will necessitate the replay distances to be 

extremely short, depicting very short fragments of the tunnel 

length. Of course, we might reveal some combination of these 

three hypotheses.

We found that replay duration had a broad distribution, with a 

median duration of 210 ms (Figure 3A)—similar to the distribution 

of replay durations in rodents in small environments.10–12,30

Replay speeds (the slope of the red lines in Figures 1F and 1G) 

were broadly distributed up to ∼150 m/s (Figure S3A)—much 

faster than replay speeds in rodents in small environments, 

which are typically 5–10 m/s.10,32 Interestingly, replay speeds 

were correlated with the flight speed in the session 

(Figure S3B). Because the flight speed of bats in the tunnel 

was typically ∼7 m/s (Figures S3C and S3D)—much faster 

than the running speed of rodents—we reasoned that it is prob

lematic to directly compare replay speeds between species. 

Instead, we computed for each replay its ‘‘compression ratio’’: 

the ratio between the replay speed and the median flight speed 

in that session. This metric is normalized by the movement 

speed, and hence it allows direct comparison between bats 

and rodents. We found that the compression ratios were broadly 

distributed between 1 and 20, with a median compression ratio 

of 6.4 (Figure 3B)—similar to compression ratios for replays in ro

dents in small environments.10 Thus, in this ultra-large environ

ment, both replay durations and compression ratios for speed 

were similar to previous findings in small environments. This 

rules out hypotheses (1) and (2) above.

Next, we examined replay distances. Surprisingly, the replays 

spanned relatively short distances, typically between 5 and 20 

m, with a median replay distance of ∼8.1 m (Figure 3C). When 

normalized to the environment size, the median replay distance 

was 6.2% (Figure 3D)—a tiny fraction of the environment size: 

very different from previous results on replay in small environ

ments, which typically cover most or all of the environment. 

Figure 2. Spiking of individual neurons during replays reflected the neuron’s multi-field tuning 

(A–C) Example firing-rate maps of 5 neurons (A) and their spiking during individual flights and replays (B and C). (A) Spatial tuning curves (firing-rate maps) of 5 

well-isolated simultaneously recorded neurons, ordered by the position of their first place field (tuning curves are for the same flight direction, and are shown only 

for a portion of the long tunnel). (B) Left, example spiking of these 5 neurons during one flight (the flight was in the same direction for which the 5 maps were 

computed; for visualization, the spikes of these 5 neurons were shifted up/down). Middle, spiking of these 5 neurons during one replay event; red line, replayed 

position versus time (the line fitted using the Radon transform, as the red lines in Figures 1F and 1G). Right, spatial tuning curves of the 5 neurons, zooming-in on 

the same range of positions as in the left and middle panels. Note that the 5 neurons fired sequentially along this replay according to the spatial positions of their 

place fields. (C) Another example of the spiking of the same 5 neurons during another flight (left) and another replay event (middle): this replay is longer than in (B). 

In (B) and (C) (middle), for every spike emitted by a neuron, we marked spikes (colored ticks) in all positions of all its place fields; the spikes closest to the replay 

position (red line) were marked in bold. Note that during the replay in (C), each of the 5 neurons fired according to its tuning: the green neuron fired twice, in its two 

fields, and likewise for the blue, orange, and black neurons; the pink neuron fired 4 times, in 4 of its 5 fields. 

(D and E) Within-replay tuning curves for individual neurons were similar to their standard in-flight tuning curves. (D) Examples of 6 neurons, showing their 

standard in-flight tuning curves (black) and within-replay tuning curves (red). Note the high similarity of the black and red tuning curves. (E) Population histogram of 

the Spearman correlations between the within-replay tuning curves and in-flight tuning curves (correlation of the red and black curves in D) for the real neurons 

(gray bars, ‘‘data’’) and for cell shuffles (black line: correlations of in-flight tuning curve of neuron i and within-replay tuning curve of neuron j, for i ∕= j, for all neurons 

from the same bat and same direction). Note the high correlations in the data compared with shuffles (Kolmogorov-Smirnov test: p = 3.1 × 10− 151; t test: p = 

1.9 × 10− 278)—demonstrating that the spiking of individual neurons during replays reflected the multi-field structure of their tuning curves.
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Figure 3. Fragmented replays depicted snippets of long experiences in the large environment 

(A–D) Distributions of replay duration (A), compression ratio for replay speed (B), replay distance (C), and replay distance as a fraction of the tunnel length (D)— 

plotted separately for sleep replays (purple) and awake replays (green) for the 200-m tunnel (solid lines) and 130-m tunnel (dotted lines). 

(E) Example session: awake replays (right) and sleep replays (left; dotted gray line separates sleep-before versus sleep-after behavior). Shown are individual 

replay positions (x axis, position normalized by tunnel length) along the session (y axis). Dots and lines show extent of individual replays (dot, replay start; tip of line, 

replay end); colors, map of flight direction from which the replay was decoded (same colors as in F and G). 

(legend continued on next page) 
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We note that the bats’ flight trajectories were long, with the 

bats flying continuously from one end of the tunnel to the other 

end (Figure 1A)—while the fragmented replays depicted only 

a tiny fraction of these continuous movement trajectories 

(Figure S3G). Taken together, the results shown in Figures 3A– 

3D support hypothesis (3) above: the replay durations and 

compression ratios for speed are similar to small environ

ments—but the replay distances are extremely short, depicting 

very small fragments of this ultra-large environment. These find

ings were consistent across all 7 individual bats (Figures S4A– 

S4D); we note that in another (8th) bat, which performed a 

more demanding task than our standard back-and-forth shut

tling task, we observed slightly longer replays: see Figure S5, 

and this may suggest that replay distances can become more 

prolonged under more demanding tasks. Further, we found 

that similar fragmented replays existed already in the first few 

days (sessions) of exposure to the large environment 

(Figures S6A and S6B)—consistent with our previous finding 

that the properties of the neural code for space were stable 

across days, from the very first day.29

We next asked which positions along the tunnel were repre

sented by the replays. We found that replay positions were not 

distributed uniformly along the tunnel (Figures 3E–3G). In partic

ular, replays represented more often the landing/takeoff loca

tions at the two ends of the tunnel (Figures 3G and S4E). Further

more, there was also a non-uniform representation in the central 

portion of the tunnel (Figures 3E–3G). This was the case even 

though the firing rate of the multiunit data used in the clusterless 

decoder was distributed uniformly along the tunnel on all days 

(Figures S6C and S6D; note there was a higher firing rate at 

the two ends of the tunnel; we also note that there could be 

some non-uniform distribution of place fields in the population 

of neurons sampled by our recordings, which might lead to the 

non-uniform spatial distribution of replay positions). Moreover, 

the distributions of replay positions tended to change from day 

to day (Figure 3F, top three examples depict different sessions 

from the same bat). However, within-day the replay positions 

were stable along the session (Figure 3E) and were similar be

tween sleep replays and awake replays (examples: Figure 3F; 

population: Figure 3H). This similarity between sleep and awake 

was driven mostly by the sleep after the behavioral session 

because the replay rate was significantly higher during sleep 

after the session compared with sleep before the session 

(Figure 3I; median ratio of replay rate in sleep after/before: 1.4; 

Wilcoxon signed-rank test: p = 0.006). These results might 

reflect day-to-day changes in hippocampal network internal dy

namics33 or changes in behavioral relevance: for example, the 

bat may attend to one set of locations on one day but to another 

set of locations on another day—and this may explain the 

across-day variation but within-day similarity between the sleep 

and awake distributions of replays. Although the replay positions 

showed some within-day consistency over the hour-long time

scale of a session (Figure 3E), they did not show any clear regu

larity on shorter timescales: the positions of two consecutive re

plays were generally uncorrelated and did not show any clear 

pattern (Figure 3J, there is no over-representation of the diago

nal). This latter result also argues against the possibilities that 

(1) very long replays do exist (long in both time and distance) 

but were potentially cut to pieces by our detection algorithm or 

(2) long replays are composed of trains of ‘‘mini replays,’’ 

wherein each mini replay continues where the previous one 

has ended—because if either of these options were true, we 

would expect to see sequential dependencies between consec

utive replays, with clear structure on the diagonal or parallel to 

the diagonal in Figure 3J. However, this was not the case in 

the data (Figure 3J).

Finally, for the awake replays, we asked whether they predom

inantly represent past trajectories or future trajectories. This can 

be addressed because hippocampal place cells are known to 

exhibit different maps for the two movement directions31—and 

this was also the case in the tunnel.29 By examining which of 

these two spatial maps (which of the two directions) the replay 

belonged to, we could assign whether the replay represented 

the immediate past (the map direction in which the bat had just 

flown) or represented the immediate future (the map direction 

in which the bat will fly next). We found that replays represented 

both past and future, but there was a larger prevalence of replays 

representing the past (Figures 3K and S7B)—consistent with 

previous findings on replays in rodents in 1D small environments, 

which reported more past replays,12,13 and in line with the 

(F) Spatial coverage of replays for 4 example sessions (4 panels). Shown are the distributions of replay positions (spatial coverage) along the tunnel, separately for 

the two directions (two colors), for sleep (solid lines) and awake (dashed lines); x axis, position normalized by tunnel length. Each replay contributed to the 

distribution at all spatial bins covered by the replay. Top, example session from (E). 

(G) Population distributions of replay positions along the tunnel (n = 82 sessions), plotted as in (F). 

(H) Gray histogram, Pearson correlations of the distributions of replay positions in sleep versus awake (e.g., correlation of solid versus dashed lines in F), for the 

same direction, pooled across sessions and directions (n = 164). Black line, histogram for session-shuffles: correlations for sleep in session i versus awake in 

session j for i ∕= j (for same direction). Kolmogorov-Smirnov test (data versus shuffles): p = 2.9 × 10− 33. 

(I) Scatter of replay rate in the sleep session after behavior versus sleep session before behavior. The replay rate was higher in sleep-after than in sleep-before 

behavior (Wilcoxon signed-rank test: p = 0.006; n = 82 sessions). 

(J) Population average 2D distribution of positions of consecutive replays (position of replay i + 1 versus position of replay i), plotted separately for sleep replays 

(left) and awake replays (right); n = 82 sessions. To factor out the per-day distribution of replay positions, we normalized the 2D distribution of replay positions for 

each session by its marginal 1D distribution, prior to averaging across days (the averaging was weighted by the number of replays in each session). 

(K) Number of replays that represented past (black) and future (white) for different replay locations in the tunnel: takeoff zone (the first 5% portion of the tunnel in 

each map direction), mid-air zone (the 90% central portion of the tunnel), and landing zone (the last 5% portion of the tunnel in each map direction). Fractions were 

normalized by the relative portions of takeoff/mid-air/landing zones (normalized via dividing by 0.05/0.90/0.05 and then normalizing the sum of all bars to 1; for un- 

normalized fractions, see Figure S7A; for further sub-division to forward and reverse replays, see Figure S7D). ‘‘Past’’ and ‘‘future’’ refer to the immediate past (the 

map corresponding to the immediately preceding flight) and immediate future (the map corresponding to the immediately following flight). Note the prevalence of 

replays representing past landing (large black bar). 

See also Figures S3–S7.
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proposed role of replays in memory. In particular, replays 

strongly represented past landing events (Figure 3K, ‘‘landing 

zone’’—black bar; binomial test of past versus future for the 

landing zone: p = 3.4 × 10− 64; past landing refers to replays 

that occurred near the current awake-pause platform of the 

bat, in the map direction corresponding to the past flight toward 

that platform; see also Figure S7D). The prevalence of replays for 

past landing can also be seen in Figure 3G (note the blue histo

grams are higher in the right platform and the brown histograms 

are higher in the left platform). This over-representation of past 

landings by hippocampal replays might possibly arise because 

landing is associated with reward (arriving at a rewarded loca

tion) and with high attention and high difficulty (as landing is a 

challenging motor maneuver). Interestingly, for takeoffs, replays 

represented the future more strongly than the past (Figure 3K, 

‘‘takeoff zone’’—white bar is higher; binomial test of future 

versus past for the takeoff zone: p = 1.8 × 10− 8). This suggests 

a predominantly future-planning role for takeoff replays versus 

a predominantly past-memory role for landing replays. It may 

also suggest a role for the temporal proximity between the replay 

and the recently occurred/soon-upcoming behavioral events. 

Further, we found a larger fraction of forward replays than 

reverse replays (Figure S7C; ‘‘forward’’ replays denote that the 

replay direction corresponds to the flight direction of the spatial 

map from which the replay was decoded, and ‘‘reverse’’ replays 

are when the direction is opposite; see also Figures S7F and 

S7G)—again, consistent with previous findings on replays in ro

dents in 1D small environments, which reported a larger preva

lence of forward replays.12,28,34

Overall, most properties of replays in this ultra-large environ

ment were similar to previous studies in small environments in 

rodents: (1) replays co-occurred with sharp-wave ripples and 

with population bursts, (2) replays had similar durations as in 

small environments and (3) similar speed compression ratios, 

(4) replays represented the past more than the future, and (5) 

there were more forward replays than reverse replays. However, 

there was one major difference from previous studies in small en

vironments: the replays in this huge environment were highly 

fragmented and covered short distances, which constituted a 

tiny fraction of the environment size: typically, only ∼6% of the 

tunnel length.

Replays in a smaller 15-m tunnel covered a much larger 

fraction of the environment

We next set out to test whether, in small environments, replays in 

bats cover a larger fraction of the environment size than we found 

here in the long tunnel. In other words, we asked whether, in 

small environments, replays behave similarly in bats and ro

dents. To address this, we conducted recordings in dorsal CA1 

of an additional bat that was flying in a short, 15-m portion of 

the tunnel (blocked by curtains). As before, we were able to faith

fully decode the bat’s position when it was flying (Figures 4A and 

4B). We then examined the sleep sessions and the periods of 

awake pauses on the landing platforms. We used the same clus

terless decoding algorithm as before—and found many replays 

during sleep and awake (examples: Figure 4C; we detected 

345 replays in 6 recording sessions). Many of these replays 

spanned a large fraction of this environment (Figure 4C)—which 

was never observed in the long tunnel. When comparing quanti

tatively the replays between the short 15-m tunnel and the long 

tunnel, we found that the replay duration was smaller in the short 

tunnel (Figure 4D, leftmost), the speed compression ratio was 

similar between the two tunnels (Figure 4D, second), and, impor

tantly, the normalized replay distance—measured as a fraction 

of the environment size—was much longer in the short 15-m tun

nel as compared with the long tunnel (Figure 4D, rightmost; see 

also Figure 4E). In particular, in the 15-m tunnel, about a quarter 

of the replays exhibited replay distances >30% of the environ

ment size (Figure 4D, rightmost, black boxplot: top of inter-quar

tile box [75%])—whereas in the long tunnel we never observed 

such long replays. The median replay distance in the 15-m tunnel 

was 21% of the environment size, whereas in the long tunnel the 

median distance was 6.2%—namely, 3.4-fold shorter. Further, in 

the long tunnel, only 1% of the replays were longer than 21% of 

the environment size (Figure 3D), while in the 15-m short tunnel, 

50% of the replays were longer than 21% of the environment size 

(Figure 4D, rightmost, black boxplot [see the median]; see also 

Figure 4E, leftmost violin distribution). We note that the replay 

distances in the short 15-m tunnel are still much less than 

100% of the environment (Figure 4E); however, because 15 m 

is not truly a ‘‘small environment,’’ we anticipate that the fraction 

of the environment covered by replays will increase even further 

as the environment size decreases. Taken together, we found 

here that in a smaller environment (15 m), replays often covered 

a substantial portion of the environment—akin to previous find

ings in rodents running on small tracks.

Replays carried behaviorally relevant information

The results presented so far have already indicated that replays 

are related to the bat’s behavior: this was suggested by the over- 

representation of replays for past landings and for future takeoffs 

(Figure 3K: landing zone, black bar; takeoff zone, white bar)—re

flecting an asymmetry in replays for past versus future. Here, we 

searched for further evidence supporting the idea that replays 

carry behaviorally relevant information.

We started off by searching for other types of asymmetries 

in replays. We observed remarkable directionality of replays in 

some of the sessions (Figures 5A, 5B, and S8A). Although in 

most sessions the replays pointed equally in both directions 

(Figure 5B, replay directionality index ∼0, reflecting symme

try), we observed in a few sessions a highly significant fraction 

of replays that pointed in the same direction—either toward 

the exit door from the tunnel (example session: Figure 5A; 

see Figure 5B, leftmost arrowhead) or away from the exit 

door (the other 3 arrowheads in Figure 5B). This unexpected 

asymmetry cannot stem from the decoding method because 

this method is symmetrical, so there is no reason a priori to 

expect such a strong replay asymmetry. Interestingly, the 

door is very behaviorally relevant because this is the location 

where the bat was released and where the experimenter was 

sitting throughout the session—and the door also denotes the 

potential ‘‘escape direction’’ from the tunnel. The direction 

away from the exit door, on the other hand, is the direction 

away from the experimenter. We speculate that the high 

asymmetry of replay directions in these sessions may reflect 
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the bat’s behavioral preferences, attention, or other cognitive 

factors.

Next, we analyzed data from a different set of experiments, 

where pairs of bats flew toward each other in a 135-m tunnel 

and were crossing over each other in opposite directions35

(Figures 5C and 5D). These crossings-over were highly salient 

events that required collision avoidance, and they were accom

panied by increased echolocation and attention levels.35 We re

corded neuronal data from one bat in each pair in this experi

ment. In one such bat, we have recorded sufficiently large 
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Figure 4. Replays in a smaller tunnel covered a much larger fraction of the environment 

Data from one bat that was flying in a short 15-m tunnel. 

(A and B) Decoding of position during flight behavior. (A) Examples of decoding for two individual flights; plotted as in Figure 1C. (B) Confusion matrix of decoded 

position versus real position for one example session; plotted as in Figure 1D. Note the high probabilities along the diagonal, indicating very good decoding during flight. 

(C) Examples of replay events during sleep and during awake pauses; plotted as in Figures 1F and 1G. Note that these replays covered a much larger fraction of 

the environment than replays in the long tunnel. 

(D) Comparison between the short 15-m tunnel (black boxplots) and long tunnel (gray boxplots) for the following replay parameters: replay duration (leftmost), 

compression ratio for replay speed (second), replay distance (third), and replay distance as a fraction of the tunnel length (rightmost). Data pooled over sleep 

replays and awake replays. Boxplots show the median (horizontal line), 25%–75% percentiles (boxes) and 1%–99% percentiles (whiskers). 

(E) Distributions of replay distance and flight distance, normalized to the environment size, plotted separately for the short 15-m tunnel (left two distributions) and 

for the long tunnel (right two distributions). These distributions are kernel density estimates (smoothed) and are plotted as violin plots; red line, median; data 

pooled over sleep replays and awake replays. Note that the bats exhibited continuous nonstop flights from one end of the tunnel to the other, yet the replays were 

highly fragmented.
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Figure 5. Fragmented replays carried behaviorally relevant information 

(A and B) Directionality of replays. (A) Example of a session where replays showed high directionality, with most replays pointing in one direction—the direction of 

the exit door from the tunnel. Arrows indicate map direction. Plotted as in Figure 3E. (B) Replay directionality index for all the sessions in which ≥20 replays were 

detected (dots, sessions; colors, individual bats [same colors as Figure 1B]; we pooled sleep and awake replays). Replay directionality index = surprise of the p 

value of the binomial test comparing the number of replays pointing toward the tunnel door versus the opposite direction: surprise = − log10 (p value). Positive 

values, replays point toward tunnel door; negative values, away from tunnel door. y axis was clipped at ±50 for display purposes (surprise = 50 corresponds to p 

value = 10− 50). x axis shows recording session no. for each bat, from first exposure to the large environment (only two bats were recorded from first exposure 

[session 1], colored blue and light-blue; for the other bats, the first recording session was plotted based on number of preceding training sessions). Black 

(legend continued on next page) 
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ensembles of hippocampal CA1 neurons to allow decoding 

of replays (Figures 5D and 5E; the same criteria for replay detec

tion were applied here as in the main dataset, but here we 

removed replays near the platforms in order to focus on the re

plays that represented mid-air locations, where cross-overs 

occurred: STAR Methods). We found that also, in this dataset, 

replays were fragmented, depicting short distances (example: 

Figures 5E and S2H; population: Figures S4F–S4J). Interestingly, 

we found that the position of awake replays, which occurred 

while the bat was pausing on the platform, was correlated with 

the position of the last cross-over during flight (Figure 5F; 

Spearman ρ = 0.43, p = 0.0046; comparison to random permuta

tions [inset]: p = 0.005). The same result was found also when 

considering only those replays that belonged to the map corre

sponding to the bat’s flight direction during the cross-over 

(Figure S8B). This suggests that awake replays tend to recapitu

late the position of the recent highly salient behavioral event— 

the cross-over with the other bat. As a control, we also 

computed the correlation between the positions of replays and 

the next cross-over position during flight—where we expect to 

see no correlation because the next cross-over position cannot 

be readily predicted by the bat while it pauses on the platform. 

Indeed, we found no such correlation (Figure 5G; Spearman 

ρ = 0.13, p = 0.23). There was also no correlation between replay 

position and 2-back or 3-back cross-over positions (Figures S8D 

and S8E). Overall, the results of the two-bat experiment demon

strated that the short replay snippets, which we found in the hip

pocampus of bats flying in this huge environment, carried behav

iorally relevant information about salient past behavioral events.

DISCUSSION

Previous studies of hippocampal sequential replays were typi

cally conducted in small laboratory environments and were 

limited to investigations of rodents. Here, we studied hippocam

pal sequential replay in flying mammals—bats—which were 

flying in an ultra-large environment: a 200-m tunnel. We found 

sequential replays—which is a nontrivial finding because, in 

this tunnel, CA1 place cells exhibit a multi-field spatial code,29

possibly making it more difficult to generate replays. Individual 

neurons fired according to their multi-field spatial tuning, 

wherein the same neuron could fire multiple times within the 

same replay, according to the spatial locations of its multiple 

fields (Figure 2). Importantly, these replays carried behaviorally 

relevant information about past behavioral events: both about 

past landings on the platforms, where reward is given 

(Figure 3K, landing zone—black bar) and about past events of 

cross-overs with another bat (Figure 5F). The replays also pre

dominantly represented past flights as compared with future 

flights—in line with the proposed role of hippocampal replays 

in memory.10–15,18–21 These replays had similar temporal dura

tions as in small environments in rodents and similar speed 

compression ratios—suggesting that, across species, there 

are some conserved mechanisms of hippocampal replay or 

conserved computational constraints. However, unlike previous 

studies in small environments in rodents, the replays in this very 

large environment were highly fragmented and covered relatively 

short distances, which constituted on average only ∼6% of the 

environment size. Thus, these replays depicted very short snip

pets of long experiences.

This dramatic difference was not due to the species difference 

between bats and rodents—because in a bat flying in a much 

smaller environment (15-m tunnel), the replay distance covered 

a much larger fraction of the environment size (Figure 4). It was 

also likely not due to the speed difference between bats and ro

dents—because the bat’s flight speed was only slightly higher in 

the long tunnel versus the short 15-m tunnel: for the one bat in 

which we recorded in both the long tunnel and the short 15-m 

tunnel, the median flight speeds was 9.8 and 7.1 m/s, respec

tively (median of the peak speeds per flight)—a 1.38-fold ratio. 

This cannot explain the 3.4-fold longer replay distance (as a frac

tion of tunnel length) that we found in the small environment 

(Figure 4). Thus, we conclude that the ultra-short, fragmented re

plays that we found in the very large environment were due to the 

environment size. Consequently, we predict that in rodents frag

mented hippocampal replays will also be found in very large, 

naturalistic environments. In other words, we posit that frag

mented replays are the norm—across species—but this frag

mentation cannot be uncovered in very small environments 

such as typical laboratory setups.

Our results are fundamentally different from a previous 

study,28 which used a 10-m track and showed many long re

plays that covered a substantial fraction of the track and often 

the entire track. This was achieved by replaying trajectories 

coherently across several sharp-wave ripples. Here, we also 

found that individual replay snippets could continue across 

several sharp-wave ripples (Figure 1J). However, crucially, we 

discovered here that in a much-larger 200-m environment, re

plays covered a tiny fraction of the track—on average only 

6.2% (Figure 3D). This result is in stark contrast to the previous 

study, and it suggests that there is a limit to how much replay 

distance can be increased by chaining the replay across 

arrowheads denote 4 sessions, in 4 different bats, where replays exhibited strong directionality: leftmost arrowhead points to the session in (A), which exhibited 

high replay directionality toward the tunnel door; other 3 arrowheads: sessions with high replay directionality away from tunnel door. 

(C–G) Fragmented replays in the two-bat experiment depicted behaviorally relevant cross-over events. (C) Experimental setup for two-bat experiment: the two 

bats flew in opposite directions and passed each other (cross-over). Neural data were recorded from one of the bats (blue arrow). (D) Example of 3.5-min of 

behavior during one session (blue and orange lines, positions of recorded bat and other bat; ×, cross-over events), and awake replays during pauses between 

flights (black dot-and-line symbols; dot, replay start; tip of line, replay end). (E) Example of awake replay in the two-bat experiment. Plotted as in Figures 1F and 

1G. (F and G) Positions of replays (dots) versus the positions of the previous cross-overs (F) or next cross-overs (G). Data from one recorded-bat in the two-bat 

experiment (n = 35 significant awake replays from 5 sessions [one bat-pair]). Spearman correlations ρ are indicated. Insets, comparison of the real Spearman 

correlations ρ (red line) and the Spearman correlations for 1,000 random permutations of the dots (shuffles, gray histogram; in each shuffle we randomly permuted 

the dots’ x values while keeping the same y values as in the original scatter). Above each inset we indicated the p value of data compared with shuffles. 

See also Figure S8.
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multiple sharp-wave ripples. Interestingly, in this previous study 

in rodents28 there were also many replays that were short— 

covering around 20%–30% of the environment size. This partial 

fragmentation of the replays may potentially be explained by 

the fragmented behavior of the rats: in the 10-m track, the 

rats often stopped and then resumed running, exhibiting a 

‘‘stop-and-go’’ behavior that could underlie the partial fragmen

tation of the replays. By contrast, in our experiments, the bats’ 

behavior was continuous: they flew continuously from one end 

of the tunnel directly to the other end (see Figure 4E, long tun

nel—‘‘flight’’; and Figure S3G, blue). Therefore, in our study, the 

fragmented replays (Figure 4E, long tunnel—replay; and 

Figure S3G, red) cannot be explained via fragmented behavior. 

Importantly, in the 15-m track, our bats also flew continuously 

from one side to the other—and yet the replays were less frag

mented (Figure 4E, short tunnel: replay versus flight). Thus, 

what determines the difference in replay fragmentation be

tween the long tunnel and the short 15-m tunnel is not a differ

ence in the fragmentation of experience—because in both 

cases the experience was continuous—but rather the spatial 

scale of the environment. In other words, our study demon

strates that, in very large environments, the hippocampus ex

hibits fragmented replays of continuous experience.

Limitations of the study

One limitation of our study is that the task that we used was very 

simple: linear shuttling from one end of a tunnel to the other end. 

It is possible that replay distance would increase under more 

challenging tasks. It would therefore be interesting to design a 

more demanding task that requires remembering long portions 

of the environment and examine its impact on the replay dis

tance. Second, to further support the behavioral relevance of 

the fragmented replays, it would be interesting in the future to 

perform systematic experimental manipulations: for example, 

one could introduce in the middle of the session a new reward 

location or a salient object in the center of the tunnel—and 

then examine whether the replays dynamically start to over- 

represent these new important locations.

Mechanistic and functional implications of the 

fragmented replays

What are the implications of the fragmented replays that we 

found in this very large environment? We will discuss below 

two types of implications: (1) mechanistic implications (Marr’s 

implementation level)—such as biophysical/network constraints 

on replay—and (2) computational or functional implications 

(Marr’s computational/algorithmic levels)—such as chunking of 

memory or hippocampal-neocortical communication.

(1) Mechanistic implications. We hypothesize that there may 

be some biophysical or network constraints on the duration 

and speed of replays—which may explain why the durations 

and speed compression ratios are relatively conserved 

across small and large environments and across species. 

Thus, perhaps the hippocampus simply cannot generate re

plays that last several seconds—or several minutes, which 

is the replay duration that would be required in order to replay 

the continuous flights of bats outdoors, which may last 

>30 min.36 Likewise, perhaps the hippocampus cannot 

generate ultra-fast replays with speeds of several km/s—or 

hundreds of km/s, which is the speed that would be required 

in order to replay within 100–200 ms the 30-km flights of bats 

outdoors.36 These limitations could stem from recurrent dy

namics in the CA3-CA1 network during sharp-wave ripples. 

Alternatively, they could stem from limitations on the speed 

of axonal or synaptic delays: in particular, because in this 

large environment the place-field sizes do not scale up line

arly with the environments size.29 This implies that replaying 

the entire large environment would require crossing many 

more place fields; this, in turn, would require activating 

more synapses—which may pose limits on replay speed. 

But, if there are such biophysical/network limitations on the 

duration and speed of replays, then this necessitates that 

for such a huge environment, the replay distances must be 

only a small fraction of the environment size.

(2) Computational or functional implications. We hypothe

sized two functional implications for the fragmented replays.

(i) Chunking of memory. The bats’ flight episodes had long du

rations—around half a minute per flight (Figure 1B). We hy

pothesize that such long episodic events may require chunk

ing of memory encoding—which is reflected by the observed 

piecewise replay. We propose that this piecewise replay of 

chunked information in the hippocampus is then being sent 

to the neocortex for memory consolidation. This notion is 

consistent with findings on chunking (fragmentation) of mem

ory encoding in humans.37–39 It is also consistent with the se

lective replay of important events that we observed in our 

data—e.g., landings (Figure 3K) and cross-overs between 

two bats (Figures 5C–5F)—because fMRI studies in humans 

showed strong hippocampal activation and memory reacti

vation of event boundaries, which, in turn, are related to 

chunking of memory.38,40 We note that such chunking may 

be even more crucial for encoding natural flights outdoors, 

which can last dozens of minutes; in this case, chunking 

may be absolutely necessary. Another interpretation is that 

the fragmented replays reflect selection of particularly salient 

events for memory consolidation—or, alternatively, they 

reflect selective memory recall. This notion is consistent 

with the observed prevalence of replays representing past 

landing (Figure 3K), as well as with the relation of replay posi

tion to the position of previous cross-over with another bat 

(Figures 5C–5F). It can also explain why the spatial distribu

tion of replay positions is non-uniform and differs across 

days: because in each day the hippocampus selectively con

solidates (or recalls) memories about different salient events 

or different locations of interest.

(ii) Hippocampal-neocortical communication. As already dis

cussed above, a prominent theory posits that hippocampal 

replay is a mechanism by which information is being sent 

from the hippocampus to the neocortex—either for memory 

storage or for future planning.14,15,22–25 We hypothesize that 

this hippocampal-neocortical communication system may 

operate, at least in some aspects, analogously to artificial 

communication systems. Specifically, when a large message 

needs to be sent in artificial communication systems, such as 

the internet, this message is being cut to small pieces, called 
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packets. In our case, the large message to be sent is the long 

flight episode, and this message needs to be broken into 

smaller pieces—namely the fragmented replays. In other 

words, we speculate that the piecewise replay of information 

that we observed here might be akin to using small informa

tion packets for transmitting large messages in artificial 

communication systems—but here seen for the first time in 

the biological brain. In particular, the random order of replays 

(Figure 3J) is reminiscent of the seemingly random order of in

formation packets that are sent in distributed artificial 

communication systems, such as file-sharing networks 

(e.g., BitTorrent)—where the main advantage of the seem

ingly random order of packets is enhanced robustness and 

fault tolerance. This possibility opens an important question 

for future research, namely how does the neocortex reassem

ble these fragmented pieces of information back into 

coherent messages? A related interpretation is that of hippo

campal training of neocortical networks: namely, the 

neocortex stores a model of the world and hippocampal net

works train neocortical networks by sending supervised infor

mation—a process sometimes called ‘‘systems consolida

tion’’ of memory.2,25,41 Notably, in training algorithms of 

deep neural networks, it is well established that the best 

way to train is by using short snippets of information, called 

‘‘mini-batches,’’ as the use of mini-batches creates broad 

minima in the training functions that are easier to learn and 

generalize.42–44 We hypothesize that, likewise, training of 

the neocortical network by the hippocampal network is being 

done by sending short snippets of long experiences via frag

mented, piecewise replays.

In summary, our finding of highly fragmented, piecewise re

plays of ultra-long navigational trajectories opens new directions 

for future research. These findings highlight the importance of 

studying replay of longer experiences, in more ecological set

tings—such as in larger environments—in order to fully capture 

the naturalistic aspects of replay. Moreover, these surprising re

sults call for re-thinking of ideas about hippocampal physiology 

and function—including hippocampal population dynamics, 

memory reactivation, consolidation, chunking, network training, 

and hippocampal-neocortical communication.

RESOURCE AVAILABILITY

Lead contact

Further information and requests for resources should be directed to the lead 

contact, Nachum Ulanovsky (nachum.ulanovsky@weizmann.ac.il).

Materials availability

This study did not generate new unique reagents.

Data and code availability

• Data reported in this paper are available from the lead contact upon 

request.

• All the behavioral and neural data in this study were analyzed using 

custom code written in MATLAB, and the state-space decoder analysis 

was performed in Python. The Python code package used for decoding 

was taken from Denovellis et al.30 and can be found here: https://github. 

com/Eden-Kramer-Lab/replay_trajectory_classification. Original code 

used in this study has been deposited at Zenodo and is publicly avail

able at DOI https://doi.org/10.5281/zenodo.15330798 as of the date 

of publication.

• Any additional information required to reanalyze the data reported in this 

work is available from the lead contact upon request.

ACKNOWLEDGMENTS

We thank A. Rubin, J. Aljadeff, I. Norman, I. Mashanova-Golikova, R. Yerush

almi, Y. Waserman, S. Ray, and G. Ginosar for comments on the manuscript; 

S. Futerman, I. Shulman, B. Pevzner, K. Dor, S. Kodenzik, E. Solomon, C. Co

hen, A. Shalev, N. Raish, A. Zayarni, and L. Hartman for help with bat training 

and experiments; G. Ankaoua and B. Pasmantirer for mechanical designs; A. 

Tuval for veterinary support; and G. Brodsky for graphics. N.U. is the incum

bent of the Barbara and Morris Levinson Professorial Chair in Brain Research. 

This study was supported by research grants to N.U. from the European 

Research Council (ERC-CoG – NATURAL_BAT_NAV), Deutsche Forschungs

gemeinschaft (DFG – SFB 1372), Minerva Foundation (no. 714445), Dr. Lou 

Siminovitch Laboratory for Research in Neurobiology, Dorraine S. Schwartz, 

Debra and Paul Sagues, and Yehuda and Judith Bronicki; by research grants 

to N.U. and L.L. from the National Institutes of Health (NIH R01 – NS121413), 

CRCNS NSF-BSF (BSF 2020806), and Israel Science Foundation (ISF 1829/ 
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STAR★METHODS

KEY RESOURCES TABLE

EXPERIMENTAL MODEL AND STUDY PARTICIPANT DETAILS

Animals, behavior, and electrophysiological recordings

All experimental procedures are reported in detail in Eliav et al.29 (for the one-bat experiments: Figures 1, 2, and 3) and in Sarel et al.35

(for the two-bat experiments: Figures 5C–5G); the 15-meter tunnel data (Figure 4) are from new experiments. In this study we 

analyzed data from sleep sessions and awake-pauses (see below); these data were not analyzed before. The experimental proced

ures were approved by the Institutional Animal Care and Use Committee of the Weizmann Institute of Science.

Nine adult male Egyptian fruit bats (Rousettus aegyptiacus), were included in this study as subjects for electrophysiological record

ings. Seven bats were tested in single-bat flight experiments in the long tunnel29 (Figures 1, 2, and 3, see below). Five of the seven 

bats were wild-born bats and two were lab-born bats; we included together the data from all seven bats because we previously 

showed that the coding properties of CA1 neurons in the long tunnel were very similar between wild-born and lab-born bats.29

One additional wild-born bat (bat no. 8) was recorded in a shorter 15-m version of the tunnel (Figure 4) – as well as in a more compli

cated task in a long 180-m tunnel, involving a choice in a T-junction at its end, as well as back-and-forth shuttling (see details in 

Figure S5). An additional wild-born bat (bat no. 9) was recorded in two-bat flight experiments35 (Figures 5C–5G). All experiments 

were conducted at relatively low light levels (5 lux), at which these highly-visual bats can see very well.45,46 In all experiments, a hu

man experimenter was sitting near the entrance-door to the tunnel, and in some of the sessions a second experimenter was sitting at 

the far end of the tunnel: both humans were outside of the area where the bats were flying.

REAGENT or RESOURCE SOURCE IDENTIFIER

Deposited data

Raw and analyzed data, including 

electrophysiological and behavioral data

This paper Available upon request

Experimental models: Organisms/strains

Egyptian fruit bats (Rousettus aegyptiacus) Wild-born bats caught in Israel or bred in 

captivity

N/A

Software and algorithms

MATLAB R2021b MathWorks https://www.mathworks.com/products/ 

matlab.html

Offline Sorter (spike-sorting software) Plexon https://plexon.com/products/offline-sorter/

Replay trajectory classification (python 

package for clusterless decoding)

Denovellis et al.30 https://github.com/Eden-Kramer-Lab/ 

replay_trajectory_classification

Custom analysis code This paper Original code used in this study is publicly 

available at Zenodo, at https://doi.org/10. 

5281/zenodo.15330798.

Other

Small animal stereotax David Kopf Instruments http://kopfinstruments.com/product/ 

model-942-small-animal-stereotaxic- 

instrument-with-digital-display-console

Tetrode wire Platinum 90% Iridium 10% 

HML-insulated

California Fine Wire https://calfinewire.com/

4-tetrode Microdrive Neuralynx https://neuralynx.fh-co.com/research- 

hardware/animal-interfaces/microdrives/ 

harlan-4-drive/

16-tetrode microdrive Custom made N/A

Spikelog-16 or spikelog-64 (wireless neural 

logger)

Deuteron Technologies https://deuterontech.com/

Ultra-wideband (UWB) radio-frequency- 

based localization system

BeSpoon – ST https://www.st.com/en/wireless- 

connectivity/ultra-wideband-products.html
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We conducted neuronal recordings of single neurons in the dorsal hippocampus of these bats, using a wireless electrophysiology 

system, while the bats were flying back-and-forth in a very large environment –– a long flight-tunnel (5 bats were recorded in a 

200-meter long tunnel, 2 bats were recorded in a 130-meter portion of the tunnel, one bat was recorded in a 180-m portion of the 

tunnel, and the two-bat experiment was conducted in a 135-meter portion of the tunnel). To this end, the bats were implanted 

with a 4-tetrode or 16-tetrode microdrive. The microdrive was implanted above the right dorsal hippocampus, as described previ

ously,29,35 and then the tetrodes were slowly lowered towards the hippocampal CA1 pyramidal cell layer over a time period of 

2–3 weeks, and recordings were subsequently collected from dorsal CA1. In one of the 9 bats we further lowered a few tetrodes 

to the CA3 pyramidal layer, and these were included in the analysis. Positioning of tetrodes in the CA1 pyramidal layer was provision

ally assessed by the presence of high frequency field oscillations (‘ripples’) and associated neuronal firing, and in CA3 it was based on 

population bursting and nominal depth. Recording positions were later verified histologically. Neural recordings were conducted us

ing a wireless neural-recording device (neural-logger; Deuteron Technologies) that filtered the neural signal between 1 – 7,000 Hz and 

then continuously sampled the signal at either 29.3 kHz or 31.25 kHz, and stored all the raw neuronal data on-board. The 3D position 

of the bat in the tunnel was tracked at a rate of 18.3 Hz or 14.2 Hz (for the 1-bat experiments) or 12.8 Hz (for the 2-bat experiment), 

using an ultra-wideband radio-frequency based localization system (BeSpoon – ST), with a precision of 9 cm in the horizontal plane.29

The 3D position was projected onto the main axis of the tunnel, and only this 1D position was further analyzed here. The bats were 

flying between two landing-platforms located at the two ends of the tunnel, where they received food reward and could pause to rest 

between flight epochs (Figure 1A). These rest-pauses between flights were analyzed as described below, in search of awake replays. 

Each experimental day started with a sleep session and ended with a sleep session (each sleep session lasted typically ∼10 minutes). 

For the sleep sessions, the bat was placed alone inside a small covered cage which was positioned in a quiet location inside the tun

nel (not far from the entrance-door). These sleep sessions were analyzed as described below, in search of sleep replays.

METHOD DETAILS

Detecting multiunit spikes, and spike sorting of individual neurons

Continuous neural recordings from all channels were first high-pass filtered at 600 Hz, yielding neural signals that were band-limited 

between 600 – 7,000 Hz. A threshold was applied to detect spikes, set as: threshold = 6× Vnoise, where the noise term was defined 

separately for each recording-channel as the median of the absolute values of the filtered signal across the entire recording session. 

Spikes were detected if any of the 4 channels in a given tetrode crossed the threshold. Then, 1-ms spike waveforms were extracted 

on all 4 channels simultaneously, and 4 features were defined for each spike as the amplitudes of the spike on each of the 4 channels 

of the tetrode. To eliminate noise, we compared the detected spike waveforms to a library of waveforms from 286 well-isolated bat 

hippocampal neurons previously recorded in the lab, and we excluded all spikes that had a correlation below 0.80 with all the wave

forms in the library. Additionally, we also excluded all detected spikes that occurred simultaneously within < 0.15 ms across multiple 

tetrodes (across more than half of the tetrodes in the 16-tetrode microdrive, or across all the 4 tetrodes in the 4-tetrode microdrive) – 

including tetrodes that were not in the cell layer – which indicates a common noise.

Activity from all unsorted multiunit spikes was then used for decoding purposes, as well as for computing multiunit firing rates 

(see below).

In addition, for one of the figures (Figure 2), we also analyzed the activity of well-separated individual neurons, namely single-unit 

data. The spike sorting was done as described previously.29,35 Briefly, spike waveforms were sorted manually using Plexon Offline 

Sorter, on the basis of their relative amplitudes on different channels of each tetrode. Data from all sessions – the behavioral session 

and the two sleep sessions – were spike-sorted together. Well-isolated clusters of spikes were manually selected, and a refractory 

period (< 2 ms) in the inter-spike-interval histogram was verified. We included in Figure 2 only neurons that were stably isolated 

throughout the recording.

Clusterless state-space decoder

To reconstruct position from neural activity, we employed a clusterless state-space decoding method, which was used in a number of 

previous studies in rodents.13,30,47 For a detailed description of the method, see Denovellis et al.30 In brief, the method consists of two 

main parts: (1) A clusterless maximum-likelihood decoder, which maps the feature space of spikes (the 4 amplitudes of each spike on 

the 4 channels of the tetrode, without any spike-sorting) to position along the tunnel; and (2) A state-space model which characterizes 

the dynamics in the spatial representations as a mixture of three underlying movement patterns: a stationary spatial representation, 

spatially continuous movement trajectories, and spatially discontinuous representation (see more below).

The combination of these two aspects of the decoding-method brings several advantages: (1) The clusterless decoder does not 

require any spike-sorting – a process that is usually done manually, and is thus both (i) laborious and (ii) subjective; both of these 

limitations are avoided by using clusterless decoding (‘clusterless’ means without clustering [spike-sorting] of spikes into distinct 

units [neurons]). (iii) The clusterless approach provides much more information for decoding, as compared to spike-sorted data, 

because it utilizes the many spikes which cannot be sorted into well-isolated clusters but which nevertheless carry useful information 

about the animal’s behavior (the bat’s position). Consequently, a clusterless decoding approach yields a much superior decoding 

accuracy.30,48 (2) The state-space model provides direct information that the decoded position is moving through space (see also 

the section ‘detecting replay events during sleep and awake’, below). (3) This method enables decoding position from neural activity 
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at very high temporal resolution (millisecond-scale).13,30,47 This high temporal resolution is important for being able to detect highly 

compressed replays that depict long-distance trajectories within a short time-duration.

Encoding

To train the model we provided it with the neural activity (unsorted spike features [amplitudes], see above), together with the animal’s 

position along the tunnel, and its flight direction. The position along the tunnel was binned in 1-m bins (or 0.5-m bins for the data in the 

15-m short tunnel, Figure 4). Encoding (training) data included only times during flight, where flight was defined as epochs which con

sisted of direct continuous trajectories that proceeded in the same direction over at least 100 meters (or 5 meters for the data from the 

15-m short tunnel, Figure 4). We applied a speed threshold of 1 m/s, which included all the flight (the averaged flight speed was ∼7– 

8 m/s) as well as the takeoff and landing parts of the flight epochs – while strictly excluding any stationary times. The model encoded 

the data by relating the spike features (spike amplitudes in the 4 channels of each tetrode) to the bat’s position in the tunnel, using the 

joint probability distribution of spike features and bat-position (using a kernel density estimation of this joint distribution) – as done in 

Denovellis et al.30 – although we used here different Gaussian kernel widths that were more suitable for our data and empirically pro

vided better accuracy of decoding during behavior: Gaussian kernels with SD of 2 meters for the position dimension, and SD of 20 μV 

for the spike amplitude feature dimensions. Importantly, the two movement directions in the tunnel, which we showed to have 

different spatial representations,29 were encoded separately in the model.

Decoding

We decoded separately during (i) flight epochs, (ii) sleep sessions when the bat was in the cage, and (iii) awake pause epochs on the 

platforms, between flights. To decode the bat’s position from the neural activity, we first binned the neural activity into 2-ms time- 

bins – the same time-bin that was used in previous studies of replay in rodents that employed this decoding method.13,30 Then, 

we used the kernel density estimation to obtain the position likelihood given the spikes’ amplitudes. Next, we utilized the state-space 

model (see below) to estimate simultaneously the posterior probabilities of both the position and the movement dynamics (the model 

had 3 types of dynamics for each of the 2 maps [the maps for the 2 directions]: stationary, continuous movement, or discontinuous 

movement – i.e. 6 states in total [3 dynamics × 2 maps = 6 states]). We applied a forward-backwards algorithm: a causal (forward) 

filter followed by an acausal smoother (backwards). This was done using the state transitions matrix and movements dynamics 

matrices of the state-space model – see Denovellis et al.30 (we set a probability of 0.98 to persist in the same state in two consecutive 

time-bins of 2-ms, and a probability of 0.02 to switch states – this is the same probability-value as used in previous studies of replay in 

rodents that employed this decoding method13,30). This information, which was integrated from both past and future neural activity, 

was used in order to estimate the position and movement dynamics in any given time-bin, at 2-ms temporal resolution (2-ms bins) and 

1-meter spatial resolution (1-m bins). In total, the model provided an estimation of the joint posterior probability of position and move

ment dynamics at each time bin k: Pr (Xk ; Ik |O1:T), where X is the position in the tunnel (in 1-meter bins), and I is a set of 6 states (3 

movement dynamics [stationary, continuous movement, and discontinuous] × 2 movement directions). This joint posterior probabil

ity distribution was evaluated at every time bin k (with 1 ≤ k ≤ T, where T is the number of time-bins in the decoded epoch, i.e. in the 

sleep session or in an individual awake-pause epoch) – given the observed neural activity at times 1 : T, denoted as O1:T .

Probability of movement dynamics

The decoded probability of each movement dynamics indicates the contribution of each of the states to the total joint posterior prob

ability, and is computed by integrating the probability over all positions:

Pr (Ik |O1:T ) =
∑

Xk

Pr (Xk ; Ik |O1:T)

Probability of position

The decoded probability of position indicates the posterior probability function of position given all movement states, and is 

computed by integrating the probability over all states:

Pr (Xk |O1:T) =
∑

Ik

Pr (Xk ; Ik |O1:T)

The decoded position was taken as the position where this posterior probability function was maximal (maximum a-posteriori 

probability estimate).

The Python code package used for decoding was taken from Denovellis et al.,30 and can be found here: https://github.com/Eden- 

Kramer-Lab/replay_trajectory_classification.

Quantifying decoding-accuracy, and inclusion criteria for sessions

We quantified the decoding accuracy by comparing the decoded position to the ground-truth position during actual flight. To this 

end, we used a leave-one-out approach, where for each flight epoch we trained the decoder using times from all the other flight 

epochs (train data), and then decoded the position during the one flight epoch which we excluded from training (test data). Each 

behavioral session (recording day) was analyzed separately. We subsequently only included data from sessions that exhibited 

high decoding quality during flight (during behavior) – and then we looked for replays in the same high-quality sessions during sleep 

and during awake-pauses. The criteria for high-quality decoding during flight were as follows: (i) The median position estimation error 

was < 2% of the environment size (or < 5% for the 15-m environment). (ii) Decoding accuracy during behavior (in-flight) was ≥70%, 
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whereby we considered position estimations as correct if they differed from the real position of the bat by less than 5% of the envi

ronment size; in other words, we required that ≥70% of the 2-ms time bins during flight were decoded with high spatial accuracy of 

5% as compared to the ground-truth. In total, 82 sessions from 7 bats passed these criteria and were included for further analysis. 

These data included both experiments where the bat flew over the entire 200-meter tunnel (5 bats, 39 sessions), and experiments 

where the bat flew over a 130-meter portion of the tunnel (2 bats, 43 sessions). We also included data from 5 sessions from the 

two-bat experiment (1 recorded bat), which passed these criteria; this bat was flying in a 135-meter portion of the tunnel and was 

crossing-over another bat.35 Finally, we included also data from 6 sessions in the 15-meter small environment.

Detecting replay events during sleep and awake

The state-space model provides the decoded posterior probability of both position and movement dynamics. Therefore, we could 

use the movement-dynamics probability to detect events of coherent continuous movement trajectories – i.e., sequential replay 

events. We detected such replay events by setting a probability-threshold of p > 0.8 for the continuous movement dynamics (sepa

rately for each movement direction). To allow detecting longer-duration and longer-distance replays that may have went below the 

p = 0.8 threshold for a brief moment (for less than 100 ms), we merged together any crossings of this threshold that were < 100 ms 

apart (this merging occurred in 0.39% of the replay events [28 out of 7,213]). The start and end times of each replay event were set as 

the times that the probability of the continuous movement dynamics state dropped below p = 0.5: these were used to define the 

replay duration. We then applied additional criteria on replays, as detailed in the next section.

We note that the replays were decoded irrespective of the occurrence of sharp-wave ripples in the LFP, and irrespective of the 

multiunit firing-rate – but we later verified that the decoded replays usually co-occurred with sharp-wave ripples and with increased 

multiunit firing-rate (Figures 1H and 1I) – as shown previously in rodents.28,30

This approach for detecting replays has two important advantages: First, it uses a state-space model that captures the movement 

dynamics probability, in addition to the position – which gives a statistical framework that provides an estimation of trajectories that 

are represented in the neural activity. This statistical framework is interpretable, as it directly yields the probability that the hippocam

pal population activity represents each of the 6 states at every moment – and in particular, the probability that the bat (or the replay) is 

moving through space. Second, it provides an unbiased method to detect replays, unlike the classical methods that typically analyze 

only the activity during sharp-wave ripples or during high momentary population firing-rate. Moreover, these classical methods use a 

somewhat arbitrary definition for replay start and end times, based on ripple-band magnitude or multiunit activity firing-rate, which 

can potentially result in identifying only part of the real replay sequence. Instead, here we used the movement dynamics probability 

from the state-space model, which provides more direct information about the precise boundaries (start and end) of the actual 

replay event.

Quantifying replays, and inclusion criteria for replays

To quantify replay events, we employed the Radon transform, using an approach similar to Davidson et al.28 and Denovellis et al.30

This was done as follows: for each replay event we extracted the probabilities to be in each position given the movement dynamics of 

that replay event. This yielded a probability matrix of n rows (position bins) and m columns (time bins): see examples for such matrices 

in Figures 1F and 1G (bottom). We then convolved this matrix in the position-dimension using a rectangular window of ±5 m (such that 

each positional bin contained the sum of probabilities within a 5-m distance [for the 15-m experiment we used a ±1.5-m window]), and 

then densely sampled lines along this matrix and summed the probabilities along each line – a procedure known as the Radon trans

form,49 which is widely used in image-analysis to detect lines in an image, and was used previously in a number of hippocampal stud

ied to quantify replays.28,30,50 We then selected the line with the maximal summed probabilities (see examples in Figures 1F and 1G, 

red lines). Then, we computed the replay score, which is a standard score used to quantify hippocampal replay,28,30,50 and is defined 

as the mean probability along this best-fitted line; since the replay score is a probability value, it is bounded between 0 and 1. In other 

words: this procedure detected replay events in which the decoded position versus time was relatively linear – akin to the linear pro

gression of the bat’s position over time during actual behavior (due to its highly-stable flight speed29). [The convolution with a spatial 

rectangular window of ±5 m was done only for computing the Radon transform and replay score, and was not applied when display

ing the matrices (e.g. in Figures 1F and 1G); this ±5 m convolution was done in order to allow quantifying position-versus-time for 

replay trajectories that are not perfectly linear, but are slightly deviating from a straight line, by up to ±5 m.] Using the line fitted 

by the Radon transform, we defined several quantities: (i) the positions of the start and end of the replay event, which allow extracting 

the replay distance; (ii) the replay speed, defined as the slope of this best-fitted line; (iii) the compression-ratio of the replay event, 

which was defined as the replay speed divided by the median speed during real flights in that behavioral session. We also defined 

(iv) the replay position, as the mid-point of the linear fit to the replay (e.g., the middle of the red lines in Figures 1Fand 1G): this defi

nition was used for all the analyses involving the positions of replays in the tunnel (unless indicated otherwise).

We further included for analysis only replay events that met the following criteria:

(i) Replay score > 0.5 – this criterion ensured a high-probability nearly-linear replay. (ii) Replay duration > 50 ms. (iii) Replay dis

tance > 3 bins – this criterion ensured that the replay progressed a minimal distance, and was not static (this corresponds to 3-m 

in the long tunnel, where we used 1-m bins, and to 1.5-m in the 15-m short tunnel, where we used 0.5-m bins). The decoder param

eters and the selection criteria for replays were identical for all our datasets – namely, when decoding the data from the long tunnel, 

the 15-m short tunnel, and the two-bat experiment. For analyzing the replay-position during the two-bat experiments versus the 
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cross-over positions between the bats (Figures 5F and 5G), we required another inclusion-criterion: that the replay-center 

occurred > 8 meters from a landing-platform; this criterion was used only for this particular analysis, because the cross-over positions 

were computed only for locations > 8 meters from the landing-platforms.35

Note that for replay quantification we did not sum probabilities over all the 6 possible movement-dynamics states – but rather 

focused only on the current movement state. This was done in order to avoid erroneous line fitting that is biased by probabilities 

in different positions coming from different states. For display purposes we used the position probability of the current state 

(Figures 1F, 1G, 4C, 5E, S1, S2, and S5).

Computing firing-rates maps for individual neurons, in-flight and within-replays

Individual neurons were spike-sorted as described in Eliav et al.29 We then constructed two types of firing-rate maps, for well-isolated 

individual neurons (see Figures 2A and 2D).

In-flight firing-rate maps

These standard firing-rate maps were constructed using only flight periods, separately for the two flight directions, as described in 

Eliav et al.29 In brief, individual flights were identified based on local peaks in the flight speed that had maximal-speed > 4 m/s without 

changes in flight direction. The beginning and end of each flight was taken as the time-point where the bat’s speed crossed a 

threshold of 1 m/s. We included in further analysis only unidirectional flight-trajectories longer than 100 meters, and the spikes 

that occurred during these flight-trajectories; only sessions with more than 10 such long flights per direction were included for further 

analysis. To compute the standard 1D firing-rate maps in-flight, we used fixed-sized spatial bins (20 cm) and collapsed the time-spent 

(occupancy) data and the spike counts onto the horizontal 1D dimension along the tunnel (linearized position). We smoothed both the 

spike-count and time-spent 1D maps with a Gaussian kernel (σ = 2.5 bins = 0.5 m), and then divided, bin by bin, the smoothed 1D 

spike-count by the smoothed 1D time spent – to produce the firing-rate map (Figure 2D, black curves). Place fields (whose peak-lo

cations were used in Figures 2B and 2C, middle column) were detected as in Eliav et al.29

Within-replay firing-rate maps

These non-standard firing-rate maps were constructed similarly to the standard in-flight firing-rate maps – using the same binning 

(20 cm) and same smoothing (σ = 2.5 bins = 0.5 m) – but instead of using the actual position in-flight, we used here the decoded po

sition during replays. Specifically, we counted the spikes in each decoded position during replays, and then normalized them by the 

time spent in that decoded position during replays – pooling all the replays in that session (both awake replays and sleep replays) – 

thus producing a firing-rate map within-replay (examples: Figure 2D, red curves).

Sharp-wave ripples, and multiunit activity

Sharp-wave ripples were detected using methods similar to Ulanovsky and Moss,9 Lee and Wilson,10 Gillespie et al.,13 Denovellis 

et al.,30 and Kay et al.51 First, local field potentials from all tetrodes in CA1 (but not CA3) were obtained by filtering the continuous 

neural activity between 1 Hz and 400 Hz, and downsampling it from the original ∼30 kHz sample-rate to 2 kHz. Then, a bandpass 

filter in the ripple band (100–200 Hz) was applied, and the square of the absolute of the Hilbert transform was summed across all 

tetrodes and was further smoothed with a Gaussian kernel of 4 ms. The square root of this trace was taken as the population rip

ple-band power. We then z-scored this power using the mean and SD calculated only from the sleep sessions or awake-pause pe

riods (separately for sleep and awake). Candidate sharp-wave ripple events were detected as times when the z-scored power 

crossed 2.5 SD; events separated in time by less than 25 ms were merged; we excluded events shorter than 25 ms.

Multiunit activity was calculated by binning the unsorted multiunit spikes from each tetrode in 1-ms bins, and smoothing the firing- 

rate with a Gaussian kernel with σ = 15 ms. A z-scored firing-rate was then calculated using the mean and SD from the sleep sessions 

or awake-pause periods (separately for sleep and awake).

Data and code availability

Data reported in this paper are available from the lead contact upon request. Any additional information required to reanalyze the data 

reported in this work is available from the lead contact upon request. All the behavioral and neural data in this study were analyzed 

using custom code written in Matlab, and the state-space decoder analysis was performed in Python. The Python code package 

used for decoding was taken from Denovellis et al.,30 and can be found here: https://github.com/Eden-Kramer-Lab/replay_ 

trajectory_classification. Original code used in this study has been deposited at Zenodo and is publicly available at https://doi. 

org/10.5281/zenodo.15330798 as of the date of publication.

QUANTIFICATION AND STATISTICAL ANALYSIS

Details of statistical tests can be found in the figure legends. Unless otherwise specified, measured values and ranges represent 

mean ± SEM. Significance was defined as p < 0.05. Sample sizes were not predetermined by statistical methods, but efforts 

were made to collect as many samples as was technically feasible. See ‘method details’ for inclusion criteria for sessions and replays; 

no data or subjects were further excluded from any analysis.
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Figure S1. Additional examples of sleep-replay and awake-replay events, related to Figure 1

(A and B) Additional examples of replays from sleep (A) and awake (B), plotted as in main Figures 1F and 1G.
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Figure S2. Full examples of eight replay events, including multiunit activity, ripple local field potential, and all the six states of the state-space 

decoder, related to Figure 1

(A–H) Examples of eight replay events, plotted here in more detail: four examples of sleep replays, three awake replays, and one awake replay from the two-bat 

experiment (these include two examples from main Figure 1F, the one example from main Figure 5E, and five examples from Figure S1). For each example, the 

five panels show (from top to bottom): panel 1: multiunit activity firing rate, averaged over all the tetrodes that were located during that session in the pyramidal cell 

layer of the hippocampus (these tetrodes were used for decoding this replay event). Note the clear increase in population firing rate that accompanied the replay 

(legend continued on next page) 
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events. Panel 2 (ripple): local field potential from one of the tetrodes in the hippocampus, filtered at ripple frequencies (100–200 Hz). Note the clear ripples that 

accompanied the replay events. Panel 3 (‘‘SWR’’): same sharp-wave ripple (SWR) as above, filtered at a broader frequency range (1–400 Hz). Many of the 

high-frequency ripples occurred on top of slower sharp-waves. Panel 4 (‘‘state prob.’’): posterior probability of each of the 6 states of the state-space decoder— 

movement state/stationary state/discontinuous state for the two movement directions (see color legend, which also includes the map direction [black arrows]). 

Note the clear increase in the probability of the movement state, which crossed the threshold of probability p = 0.8 (red dashed horizontal line)—indicating a replay 

event. Panel 5: decoded positions (posterior probability) versus time, plotted only for the detected movement state; red line shows the duration and slope of the 

replay (fitted using the Radon transform). Time 0 here is the replay center (mid-point of the detected replay).
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Figure S3. Replay speed and flight speed, and correlations of various replay parameters, related to Figure 3

(A) Distribution of replay speeds (m/s) for all the replays from all bats (n = 7,213 replays), plotted separately for replays during sleep (purple) and awake (green), for 

the 200-m tunnel (solid lines) and 130-m tunnel (dotted lines). 

(B) Scatterplot of mean replay speed per session versus the median flight speed in that session, plotted separately for replays detected during sleep (purple) and 

during awake (green). Pearson correlations between replay speed and flight speed are indicated separately for sleep and awake (n = 82 sessions). We note that 

most of the variability in flight speed was due to individual differences between bats (see D), and therefore the correlation seen here implies that faster bats have 

faster replays. 

(C) Distribution of median flight speed in each session for the 200-m tunnel (solid line, n = 39 sessions from 5 bats) and for the 130-m tunnel (dotted line, n = 43 

sessions from 2 bats). Note that there was no significant difference in flight speeds between the 200-m tunnel and 130-m tunnel (t test, p = 0.31). 

(D) Distributions of flight speeds for all the 7 individual bats that were analyzed in Figures 1, 2, and 3 (colors indicate individual bats; same colors as in Figure 1B; 

we plotted here the distribution of speeds across sessions, where for each session we computed the median flight speed in the session). 

(E) Scatters of various replay parameters for all the sleep replays (top, purple) and awake replays (bottom, green) in the 7 bats that were analyzed in main Figures 1, 

2, and 3. 

(F) Distributions of inter-replay intervals during sleep (purple) and awake pauses (green). 

(G) Distributions of replay distances (red) and flight distances (blue), normalized by the tunnel length (pooling together data from the 200- and 130-m-long tunnels, 

both sleep and awake replays). Note that while the bats exhibited continuous direct flights from one end of the tunnel to the other end (median of the blue 

distribution = 100% of the tunnel length, see right arrow), the replays were highly fragmented (median of the red distribution = 6.2% of the tunnel length, see left 

arrow).
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Figure S4. Population summaries for each of the individual bats separately, related to Figure 3

(A–E) Population summaries for each of the 7 bats that were analyzed in main Figures 1, 2, and 3. These 7 bats were ordered here from the bat with the largest 

number of detected replay events (top row) to the lowest number (bottom row). On the left, we indicated the bat number, the tunnel length in which the bat was 

tested, the number of recording sessions, and the total number of replay events for that bat. (A–D) Distributions (probability density) of replay duration (A), 

compression ratio for replay speed (B), replay distance (C), and replay distance as a fraction of the tunnel length (D). Plotted similarly to main Figures 3A–3D. (E) 

Distributions (probability density) of replay positions along the tunnel. Each replay contributed to all the position bins that it covered. Individual lines indicate 

recording sessions, plotted separately for the two directions (two colors) for sleep (solid lines) and awake (dashed lines). 

(F–J) Population summary for the bat from the 2-bat experiment, which was analyzed in main Figures 5C–5G. Shown are the same plots as in (A)–(E), plotted here 

for the bat recorded in the 2-bat experiment (the histograms in F–I show pooled data for sleep replays and awake replays).
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bat 2295
180m

sessions = 8

events = 968

Figure S5. Example replays and population histograms for an additional bat, which was recorded in the long tunnel during a more complex 

experiment, related to Figure 3

This bat flew in a long 180-m tunnel, and alternated between a first session in which it performed choices in a T-junction at the end of the tunnel, and a second 

session in which it shuttled back-and-forth in the 180-m linear tunnel, without any choices. The data shown here are from the second session (back-and-forth 

shuttling in the linear tunnel, with no choices, similar to the 7 bats in the main experiment)—but because this bat performed overall a more complex task, we might 

expect somewhat longer replays—which indeed we found here. 

(A) Examples of replays in this bat: many replays exhibited short replay distances (similar to replays in the 7 bats in Figures 1, 2, and 3 and to the bat from the 2-bat 

experiment), while some replays exhibited longer replay distances. 

(B–E) Distributions (probability density) of replay duration (B), compression ratio for replay speed (C), replay distance (D), and replay distance as a fraction of the 

tunnel length (E). Pooled data for awake and sleep replays. 

(F) Distributions (probability density) of replay positions along the tunnel, plotted as in Figure S4E.
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Figure S6. Replay was fragmented already on the first days in a novel environment, and multiunit firing rates were uniform along the tunnel 

for all the sessions, related to Figure 3

(A and B) Replay was fragmented already on the first days in a novel environment. Data from the two bats recorded in the 130-m tunnel: these bats were tested 

from the very first day of the bat’s exposure to the tunnel (day 1). (A) Histograms of the replay duration, compression ratio for replay speed, replay distance, and 

replay distance normalized to environment size (columns)—plotted for the first 5 days in the long tunnel (top row), and for all the subsequent days (bottom row), 

separately for sleep replays (purple) and awake replays (green). Data pooled over both bats that were recorded from day 1. (B) Boxplots of replay parameters in 

individual days (sessions), from day 1 onward (‘‘≥10’’: data pooled from day 10 and all the later days), for sleep replays (top) and awake replays (bottom). The 

boxplots show the median (horizontal line), 25%–75% percentiles (boxes) and 1%–99% percentiles (whiskers). Note the rather stable properties of replays 

already from day 1 (session 1). 

(C and D) Multiunit firing rates were uniform along the tunnel for all the sessions (with increased rates at the tunnel ends). (C) Multiunit firing rates as a function of 

position, for individual sessions (colored lines, n = 82 sessions) and grand average (black line), plotted separately for the two flight directions (top and bottom; 

arrows show the flight direction). Note that for each individual session, the multiunit firing rates were relatively uniform along the tunnel (with increased firing rates 

at the tunnel ends). (D) Same as (C), with Z scored firing rates; the z-scoring was done separately for each session and each flight direction.
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Figure S7. Fraction of awake replays that depicted different locations in the tunnel, past versus future, and forward versus reverse replays, 

related to Figure 3

Plotted only for awake replays (n = 3,550 replays from 82 sessions in 7 bats). 

(A) Fraction of replays that represented the takeoff zone (the first 5% portion of the tunnel in each map direction), mid-air zone (the 90% central portion of the 

tunnel), and landing zone (the last 5% portion of the tunnel in each map direction). Numbers of replays are indicated. Red lines, chance levels (note that by chance, 

we would expect the fraction of replays in mid-air to be 18 times higher than in the takeoff or landing zones [90% / 5% = 18]). Stars, two-sided binomial test, 

compared with chance; ***p < 0.001 (p = 5 × 10− 10 for takeoff, p = 2 × 10− 308 for mid-air, and p = 2 × 10− 79 for landing zone). 

(B) Fraction of past replays and future replays (numbers of replays are indicated). Red lines, 50% chance level. Stars, two-sided binomial test, compared with 

chance; ***p < 0.001 (p = 7 × 10− 8 for both past and future). 

(legend continued on next page) 
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(C) Fraction of forward replays and reverse replays (numbers of replays are indicated). Red lines, 50% chance level. Stars, two-sided binomial test, compared with 

chance; ***p < 0.001 (p = 10− 25 for both forward and reverse). 

(D) Fraction of replays that represented past and future, and forward and reverse replays—plotted separately for different locations of replays in the tunnel: takeoff 

zone, mid-air zone, and landing zone. Plotted similarly to Figure 3K but here sub-divided also to forward and reverse replays. 

(E) Histogram of distances of awake replays from the current position of the bat, pooled for both resting platforms. Distance 0, close to the current platform 

(current position); distance 1, close to the far platform. Note that there were more local replays (close to the bat’s current position) than remote replays (close to the 

far platform, namely far away from the bat’s current position). 

(F and G) Histograms of start positions (F) and end positions (G) of awake replays, plotted separately for each flight direction map (left and right; map direction 

indicated by black horizontal arrows above F). Blue, forward replay; red, reverse replay. Positions are normalized to the environment size; 0 and 1 are the two 

resting platforms at the two ends of the long tunnel.
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Figure S8. Behavioral relevance of replays: Additional controls, related to Figure 5

(A) Replay directionality index versus session no., plotted similarly to main Figure 5B—but here, instead of computing the index for the entire data in each session, 

we randomly subsampled 20 replays from the session and computed the directionality index for these 20 replays; this random subsampling was repeated 1,000 

times for each session, and we plotted here for each session the median replay directionality index for the 1,000 subsamples for that session. 

(B and C) Controls for the 2-bat experiment: similar plots to main Figures 5F and 5G but with different inclusion criteria. Data included in these two panels met an 

extra criterion that the replay had to belong to the same map direction as the direction of movement during the last cross-over. Dots depict the replay position 

versus the previous cross-over position (B) or versus the next cross-over position (C). Spearman correlations ρ are indicated. Insets plotted as in Figures 5F and 

5G. 

(D and E) Similar plots to main Figure 5F but plotting here the positions of the replays (dots) versus the positions of the 2-back previous cross-overs (D) or versus 

the positions of the 3-back previous cross-overs (E)—as opposed to the 1-back previous cross-overs plotted in main Figure 5F. Note that replay position ex

hibited significant correlations with the 1-back cross-over position (main Figure 5F) but not with the 2-back and 3-back cross-overs (D and E here).
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