
Reproducible and predictable1

reorganization of place fields driven by2

grid subfield rate changes3

Christine M. Lykken1,2�, Benjamin R. Kanter 1,2, Jasmine Kaslow2, Oscar M. T. Chadney 1, Kadjita Asumbisa 1,4

Lucie A. L. Descamps 1, and Clifford G. Kentros 1,2�
5

1Kavli Institute for Systems Neuroscience and Centre for Algorithms in the Cortex, Norwegian University of Science and6

Technology, Olav Kyrres gate 9, 7030 Trondheim, Norway7

2Institute of Neuroscience, University of Oregon, 1254 University of Oregon, Eugene, Oregon 97403, USA8

Understanding how the brain constructs stable yet flexible maps of space remains a central challenge9

in neuroscience. Place cells in the hippocampus fire at specific locations in a given environment, but10

reorganize completely upon introduction to another environment in a process called remapping. The medial11

entorhinal cortex (MEC) provides a major cortical input to the hippocampus, and the spatially periodic firing12

patterns of its grid cells are thought to contribute to place field formation. We previously showed that13

chemogenetic depolarization of MEC layer II stellate cells selectively altered firing rates within individual14

grid cell subfields, impaired spatial memory, and induced a form of reversible place cell remapping that we15

called artificial remapping. However, it remains unclear whether artificial remapping reflects a reproducible16

and stable mapping from entorhinal inputs to place cell outputs or a random reorganization of place fields.17

To explore the transfer of information between MEC and hippocampus, we repeated this chemogenetic18

manipulation on consecutive days and found that stimulating the same stellate cells produced similar19

changes in both grid subfield rates and place field locations. Using both experimental and simulated20

data, we show that baseline place cell activity patterns could be used to predict place field locations21

following the manipulation. These findings provide direct evidence for consistent input-output relationships22

in the entorhinal-hippocampal system and point to a central role for grid subfield rate changes in the23

reorganization of hippocampal spatial representations.24
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Introduction30

The hippocampus is essential for spatial navigation and episodic memory, or our ability to recall the ‘what’,31

‘when’, and ‘where’ features of an experience (Scoville and Milner, 1957; Eichenbaum, 2017). Place cells in the32

hippocampus fire at specific locations within an environment and are thought to generate a cognitive map that33

guides behavior and supports navigation (O’Keefe and Dostrovsky, 1971; O’Keefe and Nadel, 1978; Eichenbaum34

et al., 1999; Robinson et al., 2020). When an animal enters a different environment, place cells remap, exhibiting35

unpredictable changes in firing rate and/or location (i.e., global remapping; Muller and Kubie, 1987; Bostock et al.,36

1991; Leutgeb et al., 2005). This orthogonalization is critical because it enables the hippocampus to store a large37

number of discrete representations with a limited number of cells, a necessary feature of a high-capacity episodic38

memory network (Treves and Rolls, 1991). Together, the formation of these precise spatial representations and their39

orthogonalization across contexts are thought to underlie hippocampal-dependent spatial memory (Kentros, 2006;40

Kanter et al., 2017; Robinson et al., 2020). However, it remains unclear exactly how specific patterns of input to the41

hippocampus give rise to stable yet flexible place cell representations.42

The primary input to the hippocampus is the entorhinal cortex (Cappaert et al., 2015). Grid cells, which fire in a43

periodic hexagonal pattern that tiles the environment, are located in the superficial layers of the medial entorhinal44

cortex (MEC), along with several other spatially- and/or directionally-modulated cell types (Taube et al., 1990; Hafting45

et al., 2005; Sargolini et al., 2006; Savelli et al., 2008; Solstad et al., 2008; Diehl et al., 2017). Over the past46

two decades, both empirical and computational work have focused on the role of grid cells in the generation and47

remapping of place fields (Solstad et al., 2006; Fuhs and Touretzky, 2006; McNaughton et al., 2006; Rolls et al.,48

2006; Fyhn et al., 2007; Treves, 2009; de Almeida et al., 2009; Savelli and Knierim, 2010; Monaco and Abbott,49

2011; Ormond and McNaughton, 2015; Kanter et al., 2017; Lykken et al., 2025). When place cells remap between50

distinct environments, grid cells belonging to different modules (i.e., groups of grid cells with similar spacing and51

orientation) undergo unique changes in spatial phase (Lykken et al., 2025). Varying degrees of remapping have52

also been observed in the absence of changes in grid phase (Kanter et al., 2017; Diehl et al., 2017; Lykken53

et al., 2025), following disruptions of grid cell activity (Brandon et al., 2014), and even after removal of the MEC54

(Schlesiger et al., 2018), suggesting that additional mechanisms may contribute to the positioning of place fields.55

For instance, chemogenetic depolarization of MEC layer II neurons (MEC LII) altered the firing rates within individual56

fields of grid cells (i.e., grid subfields) and induced robust remapping of place cells, even when grid phase remained57

stable (Kanter et al., 2017). Similarly, computational models incorporating variability in grid subfield rates (rather58

than assuming uniform firing across subfields) have demonstrated that changing grid subfield rates can drive59

hippocampal remapping (Lyttle et al., 2013; Dunn et al., 2017). These observations raise the question of whether60

the transformation of entorhinal input to place cell output operates according to stable, predictable rules. In other61

words, does a particular change in entorhinal input consistently produce the same change in hippocampal output?62
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Results63

To address these questions, we used a transgenic mouse line that enables selective chemogenetic activation of64

excitatory neurons in MEC LII. Specifically, we crossed an hM3Dq-tetO DREADD (Designer Receptor Exclusively65

Activated by a Designer Drug) (Alexander et al., 2009) line to an Ent-tTA driver line (Yasuda and Mayford, 2006),66

which drives expression almost exclusively in reelin-positive stellate cells of MEC LII, targeting approximately 27%67

of this population (Kanter et al., 2017) (Figure S1). Double-positive offspring are hereafter referred to as hM3 mice.68

To assess how this manipulation altered entorhinal input and hippocampal output, naïve adult mice were implanted69

with chronic tetrode arrays targeting superficial MEC or dorsal CA1 (Figure S2). We recorded neural activity in these70

regions as mice freely explored a familiar open-field environment before and after intraperitoneal injection of the71

designer ligand clozapine-N-oxide (CNO) on two consecutive days.72

Chemogenetic activation of MEC LII elicits reproducible changes in MEC activity across days73

Each recording day consisted of a thirty-minute baseline (BL) session followed by a two-hour session immediately74

after an injection of CNO (1 mg/kg) or saline in hM3 mice or littermate controls. As reported previously (Kanter et al.,75

2017), chemogenetic depolarization of MEC LII neurons in hM3 mice significantly altered the firing rates and field76

sizes of putative excitatory neurons relative to controls on both days (rate change, hM3 vs. Con: BL1×CNO1, hM3 n77

= 61, Con n = 46, Z = 4.8, p = 8.8 x 10-7; BL2×CNO2, hM3 n = 58, Con n = 39, Z = 5.0, p = 3.3 x 10-7; size change,78

hM3 vs. Con: BL1×CNO1, hM3 n = 46, Con n = 42, Z = 1.7, p = 0.04; BL2×CNO2, hM3 n = 41, Con n = 33, Z = 2.5,79

p = 6.6 x 10-3; one-sided Wilcoxon rank sum tests; Figures 1A and S3A-B). Here, we observed that the magnitude of80

these effects was highly correlated across days (rate change, BL1×CNO1 vs. BL2×CNO2: n = 49, r = 0.71, p = 1.081

x 10-8; size change, BL1×CNO1 vs. BL2×CNO2: n = 30, r = 0.76, p = 9.8 x 10-7; linear correlations; Figures 1A and82

S3C-D), indicating that our manipulation produced consistent changes in MEC activity. Importantly, the spatial firing83

patterns of MEC neurons, including grid cells, remained stable following CNO injection (spatial correlation, hM3 vs.84

Con: BL1×CNO1, hM3 n = 48, Con n = 42, Z = 1.6; p = 0.10; BL2×CNO2, hM3 n = 43, Con n = 34, Z = 1.8; p = 0.07;85

two-sided Wilcoxon rank sum tests; Figures 1A and S3E), confirming that these rate and field size changes occurred86

without dramatically reshaping the spatial input to the hippocampus.87

Given the prominence of grid cells in theoretical models and our prior finding that chemogenetic depolarization of88

MEC LII selectively alters grid subfield rates without changing the spatial or directional tuning properties of other89

entorhinal neurons (Kanter et al., 2017), we focused our subsequent analyses on grid cells. Among recorded grid90

cells, grid subfield firing rates changed significantly on both recording days in hM3 mice relative to controls (hM3 vs.91

Con: BL1×CNO1, hM3 n = 79, Con n = 42, Z = 5.7, p = 5.2 x 10-9; BL2×CNO2, hM3 n = 67, Con n = 40, Z = 7.0,92

p = 1.5 x 10-12; one-sided Wilcoxon rank sum tests; Figure 1B, middle and right), but were stable across baseline93

sessions in both groups (hM3 vs. Con: BL1×BL2, hM3 n = 80, Con n = 42, Z = 1.1, p = 0.27; two-sided Wilcoxon rank94

sum test; Figure 1B, left). These subfield rate changes were strongly correlated across days in hM3 mice, but not in95

control mice or a shuffled control dataset (see Methods; hM3 n = 53, r = 0.84, p = 2.3 x 10-18; Con n = 40, r = -0.05,96

p = 0.77; shuffle n = 97, r = 0.17, p = 0.10; linear correlations; Figures 1A and 1C). Rather than simply rescaling the97

magnitude of subfield firing rates, our manipulation also disrupted grid subfield rate relationships (i.e., the ordering98

of subfield rates from highest to lowest) on both days (Figure 1A). The alteration in subfield rate relationships was99

consistent across days, resulting in a significant correlation between grid field relationships during CNO1 and CNO2100

in hM3 mice (CNO1 vs. CNO2, n = 66, r = 0.60, p = 2.0 x 10-7, linear correlation; Figures 1A and S3F), but not in101

a shuffled control group (see Methods; CNO1 vs. CNO2, n = 81, r = 0.03, p = 0.78, linear correlation). In control102

mice, subfield rate relationships were also stable over time (CNO1 vs. CNO2, n = 64, r = 0.57, p = 1.4 x 10-5, linear103

correlation; Figures 1A and S3F). Together, these results demonstrate that our chemogenetic manipulation reliably104

altered the subfield firing rates of grid cells in a similar manner across days without affecting their spatial phase,105

providing a means to systematically examine how this selective modulation of entorhinal inputs shapes downstream106

place field representations.107

Repeated depolarization of MEC LII produces consistent changes in CA1 activity108

To determine whether consistent changes in entorhinal input were reflected in consistent changes in hippocampal109

output, we recorded place cells in dorsal CA1 while repeating the chemogenetic manipulation on two consecutive110

days. As in our MEC recordings, depolarizing MEC LII neurons in hM3 mice significantly altered the firing rates and111

field sizes of CA1 place cells relative to controls (rate change, hM3 vs. Con: BL1×CNO1, hM3 n = 113, Con n =112

109, Z = 4.1, p = 1.8 x 10-5; BL2×CNO2, hM3 n = 109, Con n = 111, Z = 6.3, p = 1.6 x 10-10; size change, hM3 vs.113

Con: BL1×CNO1, hM3 n = 86, Con n = 101, Z = 6.1; p = 4.6 x 10-10; BL2×CNO2, hM3 n = 80, Con n = 102, Z =114

5.5, p = 2.0 x 10-8; one-sided Wilcoxon rank sum tests; Figures 2A and S4A-B). The magnitude of these effects was115

highly correlated across days (rate change: n = 104, r = 0.60, p = 2.1 x 10-11; size change: n = 64, r = 0.45, p = 1.8 x116

10-4; linear correlations; Figures 2A and S4C-D), indicating that chemogenetic manipulation of MEC LII consistently117
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altered the firing properties of CA1 place cells across sessions.118

In addition, chemogenetically activating MEC LII neurons dramatically reshaped the spatial firing patterns of CA1119

place cells on each recording day (Figure 2A). Spatial correlations between place cell rate maps from BL and CNO120

sessions on both days were significantly reduced in hM3 mice compared to controls (hM3 vs. Con: BL1×CNO1, hM3121

n = 106, Con n = 107, D* = 0.60, p = 1.6 x 10-17; BL2×CNO2, hM3 n = 108, Con n = 105, D* = 0.59, p = 7.5 x 10-17;122

two-sample Kolmogorov-Smirnov tests; Figure 2B), consistent with a robust remapping of CA1 place cells on both123

days. In contrast, spatial correlations between rate maps from the BL session on each day did not differ between124

groups (hM3 vs. Con: BL1×BL2, hM3 n = 126, Con n = 114, D* = 0.10, p = 0.57, two-sample Kolmogorov-Smirnov125

test; Figure S4E), indicating that the hippocampal response to our manipulation was reversible. Crucially, there was126

also no difference between groups in spatial correlations between rate maps from the CNO session on each day127

(hM3 vs. Con: CNO1×CNO2, hM3 n = 97, Con n = 104, D* = 0.16, p = 0.15; two-sample Kolmogorov-Smirnov128

test; Figure 2C), indicating that repeated activation of MEC LII led to a consistent reorganization of hippocampal129

spatial representations. Taken together, these results demonstrate that consistent changes in entorhinal input130

drive reproducible transformations of hippocampal activity patterns, indicating that the entorhinal-hippocampal circuit131

transforms a given pattern of input according to stable and predictable rules.132

Predictable reorganization of place fields following depolarization of MEC LII133

The reproducible nature of this transformation raises the possibility that particular changes in entorhinal input may134

bias place fields toward a predetermined subset of locations. It is still debated whether place cells receive broadly135

distributed synaptic inputs that allow them to form anywhere in the environment (Bittner et al., 2015, 2017; Diamantaki136

et al., 2018; Liao et al., 2024) or whether their inputs are biased toward particular locations (Lee et al., 2012; Cohen137

et al., 2017), forming a predetermined landscape that constrains where place fields can emerge. Although we do138

not measure changes in synaptic input directly, we hypothesized that if place cells receive biased rather than evenly139

distributed inputs, our manipulation might cause place fields to emerge in locations with pre-existing, but weak, firing140

activity. We therefore asked whether a place cell’s baseline activity pattern could be used to predict how its place141

field reorganizes following depolarization of MEC LII.142

To test this, we examined each place cell’s baseline rate map and identified locations outside of the primary field143

that could serve as predictions of place field location following CNO injection (see Methods; Figures 3A and S5A).144

These predictions were generated by detecting local maxima in the baseline rate map and selecting up to three145

secondary peaks outside the primary field (see Methods). We primarily focused our analysis on place cells with146

fields that shifted between sessions (204/396 cells, 51.5%; criteria described in Methods). As shown previously147

(Ormond et al., 2023), place cells that were stable between sessions exhibited significantly higher baseline firing148

rates and larger field sizes than place cells that shifted between sessions (peak firing rate: stable vs. shift, D* = 0.19,149

p = 1.4 x 10-3; field size: stable vs. shift, D* = 0.16, p = 8.0 x 10-3; two-sided Kolmogorov-Smirnov tests), supporting150

the idea that stronger preexisting inputs may contribute to place field stability.151

For those cells with fields that shifted between sessions, we then calculated the distance between each of the152

predicted locations and the cell’s primary field in the CNO session, defining the shortest of these distances as the153

‘prediction offset’. As a control, we generated a shuffled dataset in which the predicted locations from each cell in154

the BL session were compared to the observed place field locations of randomly selected cells in the CNO session155

(see Methods). The median prediction offset was significantly lower for place cells in hM3 mice than for the shuffled156

dataset (hM3 n = 204, median = 12.1 cm, 95% CI, 10.2 – 14.6 cm; shuffle n = 261, median = 16.1 cm, 95% CI,157

14.4 – 17.9 cm; hM3 vs. shuffle, Z = 3.9, p = 5.6 x 10-5, one-sided Wilcoxon rank sum test; Figures 3B and S5B).158

Prediction offsets were also significantly lower for hM3 mice than for a separate cohort of mice moved between two159

distinct environments (i.e. “natural” remapping, A×B n = 144, median = 16.3 cm, 95% CI, 14.1 – 18.4 cm; hM3 vs.160

A×B, Z = 2.7, p = 3.4 x 10-3, one-sided Wilcoxon rank sum test; Figures 3A and 3C-D), suggesting that artificial161

remapping differs from the seemingly random reallocation of place field locations observed during global remapping.162

We then confirmed that accurate predictions of place field location were possible even when place cells underwent163

extensive changes in firing rate and location. First, we determined that prediction accuracy was not simply driven164

by minimal changes in firing rate between sessions. Instead, we observed a clear reorganization of spiking activity165

from the original place field location in the BL session to the new place field in the CNO session (Figures S5C-D).166

Specifically, between sessions, there was a significant decrease in firing rate within the original place field (rate167

change within BL field: Con n = 320, median = -0.10; hM3 n = 204, median = -0.42; Con vs. hM3, Z = 8.4, p = 5.3 ×168

10-17, two-sided Wilcoxon sign-rank test; Figure S5C) and a corresponding increase within the new place field (rate169

change within CNO field: Con n = 320, median = 0.03; hM3 n = 204, median = 0.39; Con vs. hM3: Z = 8.4, p =170

4.25 × 10-17, two-sided Wilcoxon sign-rank test; Figure S5D) in hM3 mice relative to controls. Moreover, there was171

no correlation between the firing rate in the predicted location in the BL session and the prediction offset (n = 204, r172

= -0.11, p = 0.12, linear correlation; Figure S5E), indicating that accurate predictions were possible even when the173

firing rate in the predicted location was very low. In line with this, spiking activity at the predicted location satisfied our174
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criteria for place field detection for just 21.6% of place cells (44/204), consistent with the idea that our manipulation175

unmasked preexisting, subthreshold input. Second, we found that there was only a weak relationship between the176

prediction offset and the spatial correlation across sessions (n = 204, r = -0.26, p = 1.9 × 10-4, linear correlation;177

Figure S5F), indicating that successful predictions were possible even when the spatial correlation between sessions178

was very low. Therefore, despite extensive remapping, place field locations in CA1 could be reliably predicted from179

baseline activity patterns. Together, these results raise the possibility that predictable hippocampal reorganization180

arises from changes in input that reveal preexisting subthreshold place fields.181

Grid subfield rate changes drive predictable reorganization of place fields182

Depolarization of MEC LII reconfigures the spatial input to the hippocampus by selectively altering the firing rates of183

individual grid cell subfields without changing their spatial phase (Figures 1A-B; Kanter et al., 2017). We therefore184

hypothesized that these rate-based modifications of grid subfields could drive the predictable reorganization of CA1185

place fields observed here during artificial remapping. To test this idea, we incorporated our empirically observed grid186

subfield rate changes into a model of the grid-to-place cell transformation (de Almeida et al., 2012). An advantage187

of this model is that it does not incorporate reciprocal connections from place to grid cells, allowing us to isolate the188

influence of grid subfield rate changes on downstream place cell output.189

Using a library of 10,000 simulated grid cells with variable subfield rates (see Methods), we first generated a set of190

simulated place cells with realistic place fields. The rate maps of this set of simulated grid and place cells represented191

the BL session (Figures 4A-B). We then modified the rate of each grid subfield by an amount drawn randomly from192

the distribution of subfield rate changes in hM3 mice before generating a second set of place cell rate maps (CNO193

session; Figures 4A-B and S6A). The peak firing rate of each simulated grid cell was held constant across sessions194

to isolate the effect of subfield rate changes on place field location.195

This manipulation of grid subfield rates produced a degree of remapping that closely matched our experimental196

observations (spatial correlation, BL×CNO: hM3 n = 394, median = 0.14, 95% CI, 0.09 – 0.17; simulation n = 1,975,197

median = 0.13, 95% CI, 0.11 – 0.16; hM3 vs. simulation, Z = 1.7, p = 0.09, two-sided Wilcoxon rank sum test; Figure198

S6B). As in hM3 mice, we could reliably predict the shift in place field location for many of these simulated place cells199

(Figure 4B). The median prediction offset for simulated place cells was 23.0 cm (simulation n = 875, 95% CI, 20.2 –200

26.0 cm), which was significantly lower than for a shuffled dataset generated by pairing the BL rate map of each cell201

with the CNO rate map of a randomly selected cell (see Methods; shuffle n = 1,204, median = 33.0 cm, 95% CI, 31.6202

– 34.0 cm; simulation vs. shuffle, Z = 7.9, p = 1.3 x 10-15, one-sided Wilcoxon rank sum test; Figures 4C-E). After203

normalizing for environment size (in vivo = 60 cm diameter cylinder, simulation = 100 x 100 cm square environment),204

the prediction offset did not differ between simulated and experimental data (simulation, adjusted median = 12.3 cm;205

hM3, median = 12.1 cm; hM3 vs. simulation, Z = 0.71, p = 0.48, two-sided Wilcoxon rank sum test), demonstrating206

that changing the firing rates of grid subfields is sufficient to produce a predictable reorganization of hippocampal207

place fields.208

Importantly, our simulation also pointed to a potential mechanism underlying these predictable changes in place209

field location. Altering grid subfield rates without adjusting grid phase preserved the spatial stability of summed grid210

inputs while redistributing the relative strength of its peaks, causing downstream place fields to shift to alternative,211

pre-existing peaks rather than random locations (Figures S6C-D). Because the simulation isolates grid subfield rates212

while holding all other factors constant (e.g., fixed peak firing rates, no reciprocal feedback, and no contributions213

from other spatial and/or directionally tuned cells), these simulations provide a direct demonstration that rate-based214

redistribution alone is sufficient to drive the observed place field shifts. Taken together, these results suggest that215

predictable hippocampal remapping can emerge from the redistribution of firing rates among spatially stable grid216

inputs.217

Similar grid field rate changes produce similar hippocampal remapping218

To provide further support for this idea, we asked whether similar changes in grid field rates would produce a219

consistent reorganization of hippocampal place fields. We ran the simulation once as described above to generate220

a set of grid and place cells corresponding to BL and CNO1 (Figures 5A-B). Before generating a set of place cell221

rate maps representing CNO2, we adjusted each grid subfield rate by an amount drawn randomly from a distribution222

reflecting the difference in subfield rate changes between the BL and CNO sessions on each day of recording in223

hM3 mice (∆BL1×CNO1 – ∆BL2×CNO2; Figures 5A-B). Since grid subfield rate changes were similar between BL224

and CNO sessions on consecutive days, this distribution was centered around zero (median = -0.06, 95% CI, -0.18225

– -0.02).226

In both runs of the simulation, there was a substantial reorganization of the place code (spatial correlation: BL×CNO1227

n = 1,975, median = 0.13, 95% CI, 0.11 – 0.15; BL×CNO2 n = 1,988, median = 0.16, 95% CI, 0.14 – 0.18; Figure 5C).228

The degree of remapping was similar across runs (BL×CNO1 vs. BL×CNO2, D* = 0.03, p = 0.18; Figure 5C), and229
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we could successfully use activity in the baseline session to predict place field locations during both CNO sessions230

(prediction offset: BL×CNO2 n = 895, median = 22.2, 95% CI, 19.4 – 24.1 cm; shuffle n = 1,218, median = 31.7, 95%231

CI, 30.2 – 33.1 cm; BL×CNO2 vs. shuffle, Z = 8.7, p = 4.4 x 10-18, two-sided Wilcoxon rank sum test; Figures 4C and232

S7A-C). Between CNO sessions, however, place field locations were remarkably stable, mirroring our observations233

in hM3 mice (spatial correlation: CNO1×CNO2, simulation n = 2,150, median = 0.67, 95% CI, 0.65 – 0.69; simulation234

vs. hM3, D* = 0.13, p = 0.09; Figure 5C). Together, these results demonstrate that similar changes in grid subfield235

rates are sufficient to drive a predictable and reproducible reorganization of downstream place fields.236
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Discussion237

To investigate whether the transformation from entorhinal input to hippocampal place cell output follows stable,238

predictable rules, we chemogenetically depolarized the same subset of MEC LII neurons across consecutive days239

using transgenic expression of an hM3Dq DREADD receptor. Electrophysiological recordings from MEC and CA1240

revealed that artificial remapping arises from a reproducible and deterministic reconfiguration of entorhinal inputs.241

Repeated activation of the same subset of MEC LII neurons produced highly similar changes in grid subfield rates242

across days (without altering their spatial phase) and consistent changes in place cell firing patterns in CA1.243

This reproducibility implies that artificial remapping is constrained by preconfigured circuit dynamics, rather than244

stochastic processes. Moreover, we found that artificial remapping was not random: the location of a cell’s new place245

field could be predicted solely from its baseline activity pattern, revealing a deterministic mapping between entorhinal246

input and hippocampal output. Finally, by incorporating our empirically observed grid subfield rate changes into a247

model of the grid-to-place cell transformation, we demonstrate that consistent changes in grid field rates alone were248

sufficient to drive a reproducible and predictable reorganization of hippocampal place fields. Together, these results249

reveal that the entorhinal-hippocampal circuit can operate according to a stable input-output transformation, in which250

similar changes in grid subfield rates are linked to a consistent reorganization of downstream place cell activity.251

Understanding the mechanisms that give rise to hippocampal remapping is crucial for explaining how the brain252

maintains representations of different contexts. When an animal is moved between distinct environments, place253

cells undergo global remapping, which is characterized by the complete orthogonalization of hippocampal activity254

patterns (Leutgeb et al., 2005; Alme et al., 2014; Lykken et al., 2025). This process is generally thought to arise from255

the coincident, independent realignment of grid modules, which decorrelates the spatial input to the hippocampus256

(Fyhn et al., 2007; Monaco and Abbott, 2011; Lykken et al., 2025). Under other experimental conditions, however,257

place cells exhibit partial remapping, meaning that some cells change firing rate and/or location while others remain258

stable (Shapiro, 1997; Tanila, 1997; Knierim, 2002; Anderson and Jeffery, 2003). Crucially, varying degrees of259

remapping have been observed without any change in grid phase (Kanter et al., 2017; Diehl et al., 2017; Lykken260

et al., 2025), suggesting that another mechanism is playing an important role. Our data suggest that one such261

mechanism may involve changes in grid subfield firing rates – a process that could reconfigure the spatial input to262

the hippocampus while maintaining a fixed coordinate system. By incorporating information in the firing rates of263

individual grid subfields, the network could maintain a stable metric for navigation while flexibly encoding multiple,264

context- or task-dependent representations – even within the same physical environment – substantially increasing265

its overall representational capacity.266

In line with this, several recent studies have shown that variability among grid subfield rates exceeds chance levels267

and that subfield rates remain stable across sessions separated by tens of minutes (Kanter et al., 2017; Diehl et al.,268

2017; Ismakov et al., 2017; Dunn et al., 2017; Redman et al., 2025). Here, we extend these observations to sessions269

separated by more than twelve hours. In our experiments, the magnitude of grid subfield rate changes between270

baseline sessions on consecutive days did not differ between hM3 and control mice, indicating that within a given271

context, grid subfield rates remain stable over the same timescales as downstream hippocampal representations. In272

contrast, minor contextual changes to the environment (i.e., changes in arena shape, color, size, odor, or local/distal273

cues) can induce a redistribution of grid subfield rates (Diehl et al., 2017; Ismakov et al., 2017; Butler et al., 2019;274

Lykken et al., 2025), which has been linked to changes in both place cell firing rates (i.e., rate remapping) (Diehl275

et al., 2017) and place field locations (i.e., partial remapping) (Lykken et al., 2025). By comparison, our chemogenetic276

manipulation of MEC LII activity produced substantially larger changes in grid subfield rates than those observed in277

response to natural contextual manipulations, along with robust changes in both the firing rate and spatial location278

of CA1 place fields (Kanter et al., 2017). Therefore, a key difference between contextual versus chemogenetic279

manipulations may be in the extent of grid subfield rate changes, raising the possibility that the magnitude of subfield280

rate change determines the degree of hippocampal remapping, particularly under conditions that do not alter the281

spatial phase of grid cells, as is the case in our model (Figure S6B). Grid subfield rate changes may even play282

an important role in driving the complete orthogonalization of place cells observed between distinct environments,283

although this remains challenging to test directly due to coincident changes in grid phase that prevent tracking of284

individual subfields across environments. Additionally, it is important to acknowledge that the recurrent connectivity285

within the entorhinal–hippocampal circuit prevents us from providing direct, causal evidence that grid subfield rate286

changes elicit place cell remapping in vivo. In fact, prior computational models have suggested that variability287

among grid field rates arises instead from reciprocal connectivity from place to grid cells (Dunn et al., 2017; Agmon288

and Burak, 2020). However, the results of our feedforward grid-to-place cell simulation, which does not incorporate289

connections from place to grid cells, support the interpretation that changes in grid subfield rates are indeed sufficient290

to drive the observed reorganization of place cell activity.291

If grid subfield rate changes serve as an alternative mechanism that can drive hippocampal remapping, any changes292

to the pattern of subfield rates – whether elicited by natural contextual changes or experimental perturbations293
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– must be sufficiently stable to reliably support retrieval of the corresponding hippocampal representation. Our294

experimental and computational results support this view: similar changes in grid subfield rates across days were295

associated with a consistent reorganization of downstream place cell activity. This reproducibility suggests that296

the hippocampus does not simply respond to spontaneous fluctuations in grid cell activity, but instead transforms297

structured, repeatable patterns of grid cell input into distinct spatial outputs. More broadly, these findings imply that298

the entorhinal-hippocampal circuit may use grid subfield rate changes as a flexible but reliable signal for selecting299

among partially overlapping hippocampal maps. Under this view, small shifts in grid subfield rates – such as those300

elicited by minor contextual changes – would produce modest, partial remapping, whereas large-scale perturbations,301

like those induced via chemogenetic activation of MEC LII (or potentially the introduction to a novel environment),302

would yield a more extensive reorganization of place fields.303

In many of these cases, grid subfield rate changes could act by reshaping an existing place cell representation,304

rather than creating a new one. Consistent with this, our empirical and computational results demonstrate that305

grid subfield rate changes are associated with predictable changes in place field location. In line with a previous306

optogenetic perturbation of CA1 neurons (McKenzie et al., 2021), we found that CA1 place cells frequently shifted307

the location of their fields toward positions with sparse, but detectable activity instead of random locations, indicating308

that the underlying map was reorganized rather than replaced. In our grid-to-place cell simulation, we observed that309

the spatial stability of total grid input was also maintained following changes in subfield rates, indicating a similar310

redistribution of activity among underlying grid inputs. In sum, we demonstrated that place cell remapping can311

emerge from the coordinated redistribution of grid input that results from population-level changes in grid subfield312

rates. Under these conditions, place cell remapping may be constrained by intrinsic network dynamics that guide313

the reorganization of spatial representations toward locations with preexisting spiking activity, rather than random314

locations.315

Taken together, our results demonstrate that CA1 place cell activity reorganizes in a reproducible and predictable316

manner following the chemogenetic depolarization of a subset of MEC LII neurons on consecutive days, indicating317

that the entorhinal-hippocampal circuit implements a stable and deterministic input-output transformation. In line318

with our modeling results, consistent alterations in grid subfield firing rates observed across days provide a plausible319

mechanism for reproducible and predictable remapping in CA1, even in the absence of changes in grid phase. The320

reproducible reorganization of place fields across days implies that artificially induced remapping is constrained321

by the underlying anatomical connectivity of the circuit, despite the dense, recurrent architecture of CA3. The322

predictable nature of the hippocampal response suggests that, under these conditions, place cell remapping reflects323

preconfigured network dynamics operating on an existing spatial map. This form of remapping is therefore distinct324

from global remapping, which involves the orthogonalization of hippocampal activity patterns and the apparently325

random reassignment of place field locations. More broadly, our results support an alternative mechanism by which326

the hippocampus can update spatial representations without requiring independent changes in the spatial phase327

of grid modules. Within this framework, the network may flexibly employ these rate-based and/or phase-based328

mechanisms depending on the magnitude of contextual change. Minor contextual changes are likely to produce329

modest adjustments in grid subfield rates and partial remapping of place cells, whereas major contextual changes330

are more likely to engage phase-based mechanisms, with or without accompanying changes in grid subfield rates.331

Future work will be essential for determining how these mechanisms interact during natural behavior and how they332

contribute to context discrimination, memory retrieval, and navigation in complex environments.333
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Methods472

Experimental Model and Subject Details473

Our subjects were adult (2 - 6 months, 17 – 37 g) male and female mice. We crossed the EC-tTA line (Mutant474

Mouse Resource & Research Centers, Stock: 031779-MU; RRID: MMRRC_031779-MU) to an hM3Dq-tetO line475

(Jackson Laboratory, Stock: 014093; RRID: IMSR_JAX:014093) to enable control of neurons in the superficial layers476

of medial entorhinal cortex. Pups were evaluated for transgene expression via PCR of genomic DNA isolated from477

tail biopsies. For hippocampal and MEC recordings, the hM3 group consisted of Ent/tTA x hM3-DDD double-positive478

offspring. The hippocampal and MEC control groups included hM3 mice injected with saline and littermate controls479

injected with either CNO or saline. The hippocampal control group includes a single C57BL/6J (Jackson Laboratory,480

Stock: 000644; RRID: IMSR_JAX:000664) mouse injected with saline. The MEC control group also includes a481

single C57BL/6J (Jackson Laboratory, Stock: 000644; RRID: IMSR_JAX:000664) mouse injected with saline. Mice482

were kept on a 12-hr light/dark schedule and were fed ad libitum. They were housed in environmentally-enriched483

transparent Plexiglas cages in a humidity- and temperature-controlled environment. Mice were group-housed prior484

to surgery and then housed separately. All procedures were approved by the Institutional Animal Care and Use485

Committee at the University of Oregon and the National Animal Research Authorities of Norway. They were486

performed according to the Norwegian Animal Welfare Act and the European Convention for the Protection of487

Vertebrate Animals used for Experimental and Other Scientific Purposes.488

Histological Procedures489

When electrophysiological recordings were complete, mice were administered a lethal dose of pentobarbital sodium490

(Euthasol, 50 mg/kg) and perfused transcardially with 4% paraformaldehyde in phosphate-buffered saline (PBS).491

After an additional 24 hours of post-fixation in paraformaldehyde overnight, the brains were extracted and transferred492

to a 30% sucrose solution. For identification of recording sites, brains were sectioned at 30 µm, mounted on glass493

microscope slides, and the tissue was stained with Cresyl violet. The slides were then coverslipped and examined494

under the microscope.495

For identification of the hM3Dq transgene localization, free-floating 30 µm thick sections were collected for496

immunohistochemistry. As hM3Dq has a HA tag, we performed an anti-HA stain to identify the transgene and an497

anti-NeuN counterstain to delineate layers in MEC. Briefly, sections were washed in PBS, permeabilized using PBS498

containing 1% of Triton (Merck), and blocked in PBS containing 10% of normal goat serum (Abcam) and 1% of Triton.499

Primary antibody incubation using a rat anti-HA antibody (1:500 dilution factor, reference11867423001, Roche) and500

guinea pig anti-NeuN antibody (dilution factor 1:1000, reference ABN90P, Millipore) was done for 48 hours at 4°C.501

Sections were then washed in PBS and underwent secondary antibody incubation using goat anti-rat Alexa Fluor502

546 (dilution factor 1:400, reference A11081, Invitrogen) and goat anti-guinea pig Alexa Fluor 647 (dilution factor503

1:400, reference A21450, Life Technologies) for 2 hours at room temperature. Sections were then mounted on glass504

microscope slides, then once dried cleared for 10 min in Toluene (BDH Prolabo) and coverslipped using a mixture of505

Toluene and Entellan (Merck). Fluorescence images were obtained using a slide scanner (Axio Scan.ZI, Zeiss) and506

a confocal microscope (LSM 880, Zeiss).507

Surgical Procedures508

All surgeries were performed using aseptic techniques on experimentally-naive mice. Prior to surgical implantation509

of the microdrives, ketamine (100 mg/kg) was administered as a preanesthetic. Dexamethasone (0.1 mg/kg) and510

atropine (0.03 mg/kg) were also administered presurgically to ameliorate possible inflammation and respiratory511

irregularities, respectively. Surgical anesthesia was maintained with isoflurane (1.25%–2.0%, adjusted as necessary512

for appropriate depth of anesthesia). Eyes were moistened with antibacterial ophthalmic ointment. Mice were513

placed in a stereotaxic frame and held in position with atraumatic ear bars. The skull was exposed and lambda514

and bregma were zeroed in the vertical plane. The surface of the skull was cleaned with hydrogen peroxide, lightly515

scored with a scalpel blade, and coated with a thin layer of cyanoacrylate glue that was allowed to dry completely516

before proceeding. For recordings from CA1, one craniotomy was drilled in the left hemisphere overlying the dorsal517

hippocampus (centered at AP: -1.8 mm; ML: 1.2 mm relative to bregma). For recordings from medial entorhinal518

cortex (MEC), one craniotomy was drilled in the left hemisphere, exposing the transverse sinus 3.4 mm lateral to the519

midline. Four to six additional holes were drilled around the perimeter of the skull for stainless steel anchor screws520

(00–90 x 1/8”) and ground wires from the recording array. The tetrodes of the array were lowered into the cortex521

overlying the hippocampus or MEC to a depth of approximately 0.65 mm. In MEC, the tetrode array was implanted522

300-500 mm anterior of the transverse sinus at a 3-6 degree angle aimed posteriorly. After the tetrodes were in523

place, sterile Vaseline was applied to isolate the tetrodes, preserving the ability to adjust tetrode depth. Dental524

cement was applied to secure the array to the skull. Mice were subcutaneously administered buprenorphine (0.06525
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mg/kg) postoperatively for analgesia to minimize discomfort.526

Electrophysiology Protocol527

All implanted mice were allowed to recover from surgery for at least seven days, after which screening for units528

began. A tethered HS-16 or HS-18MM operational amplifier (Neuralynx, Bozeman, MT) was plugged into the529

tetrode recording array to monitor/record behavior and neuronal activity. Recording sessions occurred based on530

the presence of neural activity, regardless of the light/dark cycle. MEC screening and recording sessions were531

performed in a 60 x 60 cm square environment, a 100 x 100 cm square environment, or a 90 x 120 cm rectangular532

environment with dominant visual cues. Hippocampal screening and recording sessions were performed in a 60 cm533

diameter cylinder or a 60 x 60 cm square environment with dominant visual cues. During initial screening sessions,534

the array was moved down 45-90 µm per day, and an audio channel was monitored for evidence of theta rhythmicity535

and/or the occurrence of sharp waves. Recordings of MEC activity were initiated when cells with clear spatial or head536

direction correlates were first observed along with increased power in the theta range. Recordings of hippocampal537

activity were initiated when spiking activity with clear spatial correlates was first observed along with increased power538

in the theta range.539

For all experiments, baseline (BL) activity was recorded for 30 min. Mice were then removed from the cylinder and540

given an intraperitoneal injection of either clozapine N-oxide (CNO, Sigma-Aldrich, St. Louis, Missouri, USA) (hM3:541

1 mg/kg, 0.1 mg/ml in 10% DMSO/saline solution) or saline. Immediately following the injection, mice were placed542

back into the environment. On Day 1 of experiments repeated across days (Figures 1 and 2), data were recorded543

during the initial BL session (BL1) and a two-hour recording session following CNO or saline injection (CNO1). On544

Day 2, after a 12+-hour delay, data were recorded during the subsequent BL session (BL2) and a two-hour recording545

session following CNO or saline injection (CNO2). Experiments were repeated for each mouse as long as activity546

was present.547

Single Unit Recording548

Tetrodes were made by spinning together four lengths of 18-micron-diameter 10% iridium/platinum wire (California549

Fine Wire, Grover Beach, CA) and applying heat to fuse the polyamide coating at one end. We used custom-made550

four-tetrode recording arrays, VersaDrive-4 microdrives (Neuralynx), or MDR-16 four-tetrode microdrives (Axona551

Ltd, St. Albans, U.K.) with custom-ordered with Mill-Max (Mill-Max Mfg. Corp., Oyster Bay, NY) connectors. The552

custom-made four-tetrode recording arrays were adapted from previously published work (Gray et al., 1995). The553

coating on the free ends of each wire was removed and each uncoated wire segment was inserted into a channel554

of an EIB-16 electrode interface board (Neuralynx) and fixed in place with a gold-coated pin. Each EIB-16 loaded555

with four tetrodes was fixed to a Teflon stage mounted on three drive screws. The drive screws (0–80 x 3/8”)556

allowed depth adjustments of the entire array and served as a structural link to the skull. The tetrodes could557

each be lowered independently when VersaDrive-4 microdrives were used. Neuronal data were acquired using558

the Cheetah-16 system and Digital Lynx 4SX systems (Neuralynx). Recorded signals were amplified automatically559

for each tetrode when the experimenter selected an appropriate input range (typically ± 250-800 mV). The signals560

were band-pass filtered (spikes: 600 – 6000 Hz; local field potential: 0.1 – 475 Hz) and stored using Neuralynx561

data-acquisition software.562

Thresholds were set such that only waveforms of a specified minimum voltage (e.g., 50 µV) were stored. A digital563

camera mounted above the recording environment and linked to the Cheetah-16 system recorded the position of the564

mouse by tracking two light-emitting diodes fixed to the headstage and aligned with the body axis of the mouse.565

Unit Isolation and Recording Stability566

Unit isolation and assessment of recording stability of MEC and CA1 recordings were performed on 30- or 60-min567

epochs. For both Day 1 and Day 2 of repeated experiments, we used the 30-min BL sessions (BL1, BL2) and the568

two-hour post-injection sessions (CNO1, CNO2), which were either divided into 30-minute or 60-minute epochs for569

analysis purposes. Units were manually separated offline with MClust spike-sorting software (courtesy of David570

Redish, University of Minnesota) for MATLAB (MathWorks, Natick, MA) using the previously described standards for571

unit isolation (Kentros et al., 2004). Cluster boundaries were applied across successive sessions to track clusters572

over time. Isolated clusters corresponding to putative pyramidal neurons formed clear Gaussian ellipses generally573

based upon peak-to-peak projections of different tetrode wires with minimal overlap with neighboring clusters or574

noise. These clusters were divided into one of three groups according to a subjective judgment of quality (Q), as575

described previously (Kanter et al., 2017). Q-1 clusters had virtually no overlap on at least one projection and no576

events within a 2 ms refractory period; Q-2 clusters included clear Gaussians with a small degree of overlap with other577

clusters or noise; Q-3 cells met neither criteria; Q-off cells did not have enough spikes to judge the quality. Neurons578

categorized as Q-3 were not included for any analyses. Putative interneurons with generally spherical clusters were579
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assigned Q-values exclusively by cluster boundary criteria. Cluster boundaries were then applied across successive580

epochs and minor adjustments were made when necessary to optimally separate clusters from each other and from581

noise. Inspection of spike waveforms, inter-spike intervals, autocorrelations, and cross-correlations were used as582

additional methods to ensure each cluster was correctly tracked over time. In two-session comparisons (i.e., spatial583

correlations, difference scores, etc.), it was required that clusters in both sessions passed criteria to be included. In584

CA1, we recorded 778 cells from 36 mice (19 hM3+ mice injected with CNO, 12 hM3- mice injected with CNO, 9585

hM3+ mice injected with saline, and 1 C57BL/6J injected with saline) that met our standards of cluster quality. In586

MEC, we recorded 310 cells from 13 mice (4 hM3+ injected with CNO or saline, 4 hM3+ mice injected with CNO, 4587

hM3- mice injected with CNO, and 1 C57BL/6J injected with saline) that met our standards of cluster quality.588

General Electrophysiological Analysis589

In order to exclude spiking activity occurring during periods of immobility, a walk filter (≥ 2 cm/s) was applied. Rate590

maps were then generated by binning the location of each spike for each epoch, dividing the number of spikes in591

each bin by the time spent in that bin, and smoothing with a Gaussian. For 60 cm diameter cylindrical and 60 x592

60 cm square environments, 2 x 2 cm bins were used. For 100 x 100 cm square and 90 x 120 cm rectangular593

environments, 4 x 4 cm bins were used. Mean firing rate was defined as the total number of spikes divided by594

the duration of the recording session. Peak firing rate was defined as the maximal firing rate of all spatial bins. To595

assess spatial correlation, pairs of rate maps were each reshaped into a single vector and the correlation coefficient596

(Pearson’s linear correlation) between these vectors was calculated. Pixels of incongruity between the two vectors,597

resulting from unvisited pixels in either epoch, were excluded from the calculation. To generate a shuffled control598

group of spatial correlation values, we calculated the correlation coefficient between the rate map of each cell in the599

first session and the rate map of a randomly selected cell in the second session. Difference scores (i.e., normalized600

change) were calculated as: (session 2 value – session 1 value) / (session 2 value + session 1 value). These scores601

are reported in Figures 1, S3 and S4. We reported the absolute value of these difference scores in Figures S3, S4,602

and S6.603

Functional Classification of Place Cells604

Place cells were defined as putative excitatory neurons (mean firing rate < 7 Hz) with high spatial stability (spatial605

correlation between first and second halves > 0.5) and/or high spatial information content in the BL session, peak606

rate > 0.5 Hz, and at least one identified place field. Place fields were defined as areas with at least 10 contiguous607

pixels (40 cm2) where the firing rate exceeded 40% of the peak rate. Cells were required to meet all defined criteria608

in either the baseline or the CNO session to be included. For repeated experiments across days, place cells were609

also required to be stable across baseline sessions. We used either the 30-60 or the 90-120 min epochs of the610

two-hour post-injection recording session on Day 1 and Day 2 to capture the peak activity of CNO or to examine the611

activity at the end of this two-hour period, respectively.612

Predictability Analyses613

For predictability analyses, we focused on the first 30-min epoch after CNO injection in order to capture the first614

location that CA1 place fields shifted to after CNO injection. For each cell, we first identified the location of the615

primary place field in the BL and CNO sessions. We restricted our analysis to cells with an identified place field that616

were active in both sessions and exhibited large changes in the place field location between sessions. To define a617

threshold for classifying whether place fields shifted between sessions, we generated a random reference distribution618

with mean µ = 30 cm and standard deviation σ = 6 cm. The 95th percentile of this distribution (20 cm) served as our619

lower bound for determining whether place field locations shifted between sessions cells.620

For each of the place cells that shifted between, we then identified up to three regional maxima from the rate map621

of the BL session that served as predictions for future place field locations. We calculated the distance between622

each of these locations and the location of the primary place field in the CNO session, defining the shortest of these623

distances as the ‘prediction offset’. We used the same process to predict the location of place fields in a separate624

group of mice moved between two distinct, familiar environments (A and B). To generate a shuffled control group to625

compare with our empirical data in hM3 mice (Figure S5B), we identified up to three regional maxima from the rate626

map of the BL session for each cell. We then calculated the distance between each of these predicted locations627

and the location of the primary field in the CNO session for a randomly selected cell, defining the shortest of these628

distances as the ‘prediction offset’.629

Functional Classification of MEC Cells630

For repeated experiments across days, we used either the 30-60 or the 30-90 min epochs of the two-hour631

post-injection recording session on Day 1 and Day 2 to capture the peak activity of CNO and ensure that the coverage632
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of the environment was complete. Cells with a mean firing rate < 10 Hz were classified as putative excitatory neurons.633

Firing fields were defined as areas of at least 80 cm2 where the firing rate exceeded 20% of the peak rate. Firing634

fields with peak rates lower than 1 Hz were ignored.635

Grid cells were identified by calculating a spatial autocorrelation map for each unsmoothed rate map (Sargolini et al.,636

2006). A cell’s spatial periodicity was determined by comparing a central circular region of the autocorrelogram,637

excluding the central peak, with versions of this region rotated at 30° increments (Sargolini et al., 2006; Langston638

et al., 2010). Pearson correlations were calculated by comparing the circular region to all rotated versions. 60° and639

120° rotations should have high correlation scores due to the triangular pattern of the grid, whereas 30°, 90°, and640

150° rotations should result in low correlations. Therefore, a cell’s grid score was defined as the minimum difference641

between correlation scores for either rotation from the first group and any rotation in the second group (range: –2642

to 2). Cells with grid scores exceeding the 95th percentile of a shuffled distribution were classified as grid cells.643

To generate the shuffled distribution, the spikes of each cell were circularly shifted in time relative to the mouse’s644

position by a random amount between 20 s and 20 s less than the total length of the recording session. The grid645

score was then calculated using these shuffled spike times, and this procedure was repeated 500 times for that cell.646

A distribution of values was generated including the 500 shuffled results from all cells, and the 95th percentile of this647

shuffled distribution was used as the cutoff for classifying grid cells.648

Analysis of Individual Grid Subfields649

Individual grid subfields were defined as areas of at least 40 cm2 where the firing rate exceeded 20% of the peak650

rate. Fields with peak rates lower than 0.5 Hz were ignored. Individual subfield rates were defined as the peak rate of651

each identified firing field. Changes in grid subfield rates between sessions were assessed using absolute difference652

scores. The correlation between grid subfield rate changes across days (i.e., Figure 1C) was obtained by calculating653

the Pearson correlation between vectors representing the change in peak firing rate for each subfield between the BL654

session to the CNO session on Day 1 and Day 2. To create a shuffled control group, for each subfield, we calculated655

the change in peak firing rate from the BL session to the CNO session on Day 1. Then, we calculated the change in656

the peak firing rate of that field in the BL session on Day 2 and the peak firing rate of a randomly selected subfield in657

the CNO session on Day 2. A grid field rate change correlation for this shuffled control group was obtained by fitting658

a line between points representing the change in peak field rates on Day 1 and Day 2 (Figure 1C).659

To quantify the relationship among subfields for each grid cell in each session, we ordered subfield firing rates for660

each grid cell from highest to lowest. We then calculated the normalized difference in peak firing rate between661

all subfield pairs and arranged these values into a single vector representing grid subfield relationships in that662

session. To test whether grid subfield relationships were maintained across sessions, we calculated the Pearson663

correlation between vectors representing subfield relationships in each session (Figure S3F). The r value (coefficient664

of correlation) and p value are reported for the fit.665

Model of Grid-to-Place Cell Transformation666

To evaluate the impact of changing the firing rates of grid subfields on hippocampal place cells, we applied667

empirically determined grid subfield rate changes to a competitive linear summation model of the grid-to-place cell668

transformation (de Almeida et al., 2012). Briefly, this model is a three-layer network where place fields are created669

by linear summation of weighted inputs from entorhinal grid cells and dentate gyrus granule cells. Competitive670

interactions limit the active pool of neurons to only those receiving the most excitation (10% winner-take-all process),671

which is meant to mimic gamma frequency feedback inhibition.672

To generate a library of 10,000 simulated grid cells with variable rates across their subfields (e.g., Figure 4A, left),673

we modified the subfield rates of grid cells from the original model (grid scale logarithmically distributed between674

30 and 100 cm, one of three random orientations, random spatial phase). Grid subfield centers were identified as675

described above and used as seed locations for new grid cell maps. Each seed location received a peak firing rate676

randomly sampled from a normal distribution (µ = 12 Hz, σ = 3 Hz). Rate maps were then smoothed with a Gaussian677

kernel to create grid subfields, where the kernel size ranged from 5 to 12.5 spatial bins depending on the number678

of grid fields in the map. Finally, rate maps were normalized between 0 and 1 Hz (matching the original model) to679

isolate the effect of changing subfield rates while and exclude the effect of variation in the overall peak firing rate of680

grid cells. These grid cells with variable subfield rates represented the BL session and a set of simulated place cells681

were created from these grid cells as in the original model.682

From our empirical data, we created a distribution of rate difference scores by calculating the change in peak firing683

rate for each grid subfield between BL and CNO sessions (Figure S6A). We applied these empirically determined684

subfield rate changes to our simulated grid cells by adjusting the firing rate of each subfield by an amount randomly685

selected from this distribution (e.g., Figure 4A, right). These grid cells represented the CNO session and a second686

set of rate maps for the simulated place cells were created from these modified grid cells as in the original model.687
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The simulation was run with the following parameters: arena size = 100 x 100 cm, bin size = 1 cm, number of grid688

cells = 10,000, number of granule cells = 200, E = 10%, relative DG-to-MEC input to CA3 (R) = 0.24, place field rate689

threshold = 20%, minimum place field size = 200 cm2. Note that all connections and weights were held constant690

from the BL simulation to isolate the effect of grid subfield rate changes.691

For each simulated place cell, we evaluated whether we could predict the location of its place fields in the CNO692

session using the rate map from the BL session using the same method described for our empirical data from hM3693

mice. To generate a shuffled control dataset for comparison, we identified up to three regional maxima from the rate694

map of the BL session for each cell. We then calculated the distance between each of these predicted locations and695

the location of the primary place field in the CNO session for a randomly selected cell, defining the shortest of these696

distances as the prediction offset.697

To evaluate the extent of reorganization among grid inputs following subfield rate changes, we generated excitation698

maps representing the summed grid cell input to each simulated place cell before and after grid field rates were699

modified (e.g., Figure S6C). Although the model incorporates both direct and indirect grid input to the hippocampus,700

we limited our analysis to the direct grid inputs under the assumption that subfield rate changes would similarly701

affect all input streams. To quantify the reorganization among grid inputs between sessions, we first calculated the702

spatial correlation between excitation maps representing the BL and CNO sessions (Figure S6D). Then, using the703

same method as for place cells (Figure 3), we assessed whether the location of peaks within each excitation map704

shifted to a predictable location (i.e., an existing peak in the excitation map in the BL session) after grid field rates705

were modified. Fields in the summed excitation maps were defined as areas where the firing rate exceeded 50% of706

the peak rate, which was required to be > 0.3 Hz. For the shuffled control dataset, the excitation map representing707

summed grid inputs to each simulated place cell in the BL session was used to generate up to three predictions708

of future peaks among summed grid inputs. We then calculated the distance between each of these predicated709

locations and the observed location of peak firing in the excitation map of a randomly selected simulated place cell710

in the CNO session.711

After the first run of the simulation (BL and CNO1), we adjusted the firing rates of grid subfields a second time, by712

amounts we observed empirically in hM3 mice. To do this, we calculated the normalized difference in peak firing rate713

between the BL and CNO session for each grid subfield in hM3 mice on both recording days (as in Figure 1C; Day714

1: ∆ BL1×CNO1; Day 2: ∆ BL2×CNO2). We then generated a distribution reflecting the difference between subfield715

rate changes on each day by subtracting the distribution for Day 2 from the distribution for Day 1 (∆ BL1×CNO1 – ∆716

BL2×CNO2). The fact that this distribution was centered around zero (median = -0.06, 95% CI, -0.18 – -0.02) reflects717

that subfield rate changes were similar between BL and CNO sessions across days. We then adjusted the firing rate718

of each simulated grid subfield by an amount that was randomly selected from this distribution before generating a719

second set of simulated place cells, corresponding to CNO2 (Figures 5A-B). Again, all variables in the simulation720

were held constant except grid subfield rates.721

Finally, a separate simulation was run to evaluate the degree of reorganization among grid inputs following the722

independent realignment of grid cells in different modules (Figure S6C). Grid cells had subfields with uniform peak723

firing rates. Rather logarithmically distributing grid spacing between 30 and 100 cm (as in the original model), we724

created three grid modules consisting of simulated grid cells with spacings of 30, 50, or 100 cm (30 cm, n = 5,500; 50725

cm, n = 3,000; 100 cm, n = 1,500). Grid cells within each module had the same orientation, and module orientations726

were offset by 60°. These grid cells represented the BL session and a set of simulated place cells were created727

from these grid cells as in the original model. Each grid module was then shifted randomly (x and y offsets sampled728

independently) by an amount between 0 cm and half of the grid spacing for that module. Note that all grid cells within729

a module shifted coherently, but there was no relationship between the phase changes of different modules. These730

grid cells represented the CNO session and place cells were created from these grid cells as in the original model.731

We quantified the extent of reorganization among grid inputs in this simulation as described above for our simulation732

grid subfield rate changes.733

Quantification and Statistical Analysis734

Unless otherwise stated, all analyses were conducted using MATLAB (MathWorks). The experimenter was blind to735

the mouse’s genotype and experimental grouping during unit isolation. Two-sided statistical tests were used for post736

hoc analyses and one-sided tests were used when there was a clear a priori prediction. Statistical significance737

was defined with alpha level = 0.05. Nonparametric tests were used when the assumptions for parametric738

tests were clearly violated. Median values are reported/displayed for nonparametric tests and mean values are739

reported/displayed for parametric tests. Error is reported using the 95% confidence interval (95% CI) or standard740

error of the mean (SEM). Smoothed distributions of the data were estimated using kernel density estimation.741

Two-group estimation plots were generated using the DABEST Python package (Ho et al., 2019). In these plots, the742

black dot indicates the median difference, the black bars are error bars depicting 95% confidence intervals, and the743

filled curve is the bootstrapped sampling-error distribution.744
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Data and Software Availability745

All quantification methods used in the custom scripts are described above. Further requests for custom scripts and746

data used in this study should be directed to the corresponding author and will be fulfilled upon reasonable request.747
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Figures748

Figure 1. Depolarization of MEC LII on consecutive days produces consistent changes in grid subfield rates.
A) Firing rate maps of representative grid cells in hM3 mice (top two rows) and a control mouse (Con, bottom row) before and after CNO injection on consecutive
days. Color indicates firing rate. Peak firing rate is noted below each rate map. Peak firing rate within each grid subfield is shown below the rate map for that session.
BL1, baseline session on Day 1; CNO1, 30-60 min post-CNO injection on Day 1; BL2, baseline session on Day 2; CNO2, 30-60 min post-CNO injection on Day 2.
Dashed black lines indicate that BL2 was initiated 12+ hrs. after CNO injection. B) Panel shows grid subfield rate changes between sessions in hM3 (blue) and Con
(red) mice. Left, there was no difference between hM3 and Con mice in grid subfield rate changes between BL sessions (hM3 vs. Con: BL1×BL2, hM3 n = 80, Con
n = 42, Z = 1.1, p = 0.27; two-sided Wilcoxon rank sum test). Middle, right, grid subfield firing rates changed significantly between BL and CNO sessions on both
recording days in hM3 mice versus controls (hM3 vs. Con: BL1×CNO1, hM3 n = 79, Con n = 42, Z = 5.7, p = 5.2 x 10-9; BL2×CNO2, hM3 n = 67, Con n = 40, Z = 7.0,
p = 1.5 x 10-12; one-sided Wilcoxon rank sum tests). Top, points represent individual subfields; gapped lines represent mean ± standard deviation. Change refers to
an absolute difference score (see Methods). Bottom, black dot: median; black bars: 95% confidence interval; filled curve: sampling-error distribution. C) Scatterplot
showing significant correlation between grid subfield rate changes between BL and CNO sessions on Day 1 and Day 2 in hM3 mice (blue, n = 53, r = 0.84, p = 2.3 x
10-18, linear correlation), but not in a shuffled control group (gray, n = 97, r = 0.17, p = 0.10, linear correlation). Points represent individual subfields. Change refers to
a difference score. ***p < 0.001.
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Figure 2. Depolarization of MEC LII on consecutive days produces a consistent reorganization of CA1 place cell activity.
A) Firing rate maps of representative place cells in hM3 mice (top five rows) and a control mouse (Con, bottom row) before and after CNO injection on Day 1 and
Day 2. Color indicates firing rate. Peak firing rate is noted below each rate map. Spatial correlation between rate maps from CNO sessions on each day is noted on
the right for each cell. B) Cumulative distribution function shows the spatial correlation between place cell rate maps from BL and CNO sessions on each day in hM3
(BL1×CNO1, light blue; BL2×CNO2, medium blue) and Con (BL1×CNO1, light red; BL2×CNO2, medium red) mice. There was a significant decrease in the spatial
correlation of place cells in hM3 versus Con mice on both days (hM3 vs. Con: BL1×CNO1, hM3 n = 106, Con n = 107, D* = 0.60, p = 1.6 x 10-17; BL2×CNO2, hM3
n = 108, Con n = 105, D* = 0.59, p = 7.5 x 10-17; two-sided Kolmogorov-Smirnov tests). C) Cumulative distribution function shows the spatial correlation between
place cell rate maps from CNO sessions on each day in hM3 (dark blue) and Con (dark red) mice. There was no difference between hM3 and Con mice in the spatial
correlation of place cells between CNO sessions (hM3 vs. Con: CNO1×CNO2, hM3 n = 97, Con n = 104, D* = 0.16, p = 0.15, two-sided Kolmogorov-Smirnov test),
indicating that the reorganization of hippocampal place cell activity was consistent across days.
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Figure 3. Predictable reorganization of CA1 place cell activity following depolarization of MEC LII.
Ai) Firing rate maps of representative CA1 place cells in hM3 mice before and after CNO injection (one cell per row). Color indicates firing rate. Peak firing rate is
noted below each rate map. For each cell, if the location of the primary place field shifted between BL (left, blue circles) and CNO (right, black circles) by more than
20 cm, we identified up to three secondary peaks outside of the primary field in the BL session (left, pink circles) that served as predictions of place field location. We
then calculated the distance between each predicted location and the location of the primary place field in the CNO session, defining the shortest of these distances
as the ‘prediction offset’. The spatial correlation between rate maps from the BL and CNO session for each cell is noted between columns. The prediction offset for
each cell is shown on the right. Note that even when the spatial correlation between sessions was very low, we were often able to predict the location of the new place
field for many place cells. Aii) Firing rate map of a representative CA1 place cell in a control mouse exposed to two distinct environments (A and B). Same convention
as in Figure 3Ai. B) Histogram shows prediction offsets for all CA1 place cells recorded in hM3 mice (n = 204, median = 12.1 cm, 95% CI, 10.2 – 14.6 cm). C)
Histogram shows prediction offsets for CA1 place cells recorded in a separate cohort of mice exposed to distinct environments (A×B, n = 144, median = 16.3 cm, 95%
CI, 14.1 – 18.4 cm). Note that prediction offsets were significantly lower for place cells in hM3 mice than for place cells recorded as mice were moved between distinct
rooms (hM3 vs. A×B, Z = 2.7, p = 3.4 x 10-3, one-sided Wilcoxon rank sum test), reflecting the predictable reorganization of place fields that occurs during artificial
remapping. Vertical lines represent the median of each distribution. D) Kernel smoothed density estimate of prediction offset for place cells in hM3 mice (blue) and a
separate cohort of mice exposed to distinct environments (green).
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Figure 4. Grid subfield rate changes are sufficient to produce a predictable reorganization of hippocampal place fields.
A) Firing rate maps of one simulated grid cell before and after modification of grid subfield rates. Color indicates firing rate. We first generated a library of 10,000
grid cells with variable subfield rates (left, BL). We then modified the rate of each subfield by an amount drawn randomly from a distribution of subfield rate changes
in hM3 mice (right, CNO; see Figure S6A). The peak firing rate of each simulated grid cell was held constant across sessions to isolate the effect of subfield rate
changes on place field location. B) Firing rate maps of four simulated place cells before (left, BL) and after (right, CNO) modification of grid subfield rates. Color
indicates firing rate. Same convention for place field prediction as in Figure 3A. The spatial correlation between rate maps from the BL and CNO session for each
cell is noted between columns. The prediction offset for each cell is shown on the right. C-D) Histograms show prediction offsets for simulated place cells (C, purple)
and a shuffled control dataset (D, gray). Note that prediction offsets were significantly lower for simulated place cells than for the shuffled dataset (simulation n = 875,
median = 23.0, 95% CI, 20.2 – 26.0 cm; shuffle n = 1,204, median = 33.0, 95% CI, 31.6 – 34.0 cm; simulation vs. shuffle, Z = 7.9, p = 1.3 x 10-15, one-sided Wilcoxon
rank sum test). Vertical lines represent the median of each distribution. E) Kernel smoothed density estimate of prediction offset for simulated place cells (purple) and
a shuffled control dataset (gray).
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Figure 5. Grid subfield rate changes are sufficient to drive a reproducible reorganization of downstream place fields
A) Firing rate maps of one simulated grid cell before and after modification of grid subfield rates. Color indicates firing rate. We first generated a library of 10,000 grid
cells with variable subfield rates (left, BL). We then modified the rate of each subfield by an amount drawn randomly from the distribution of subfield rate changes in
hM3 mice (middle, CNO1). Subfield rates were then adjusted a second time by an amount drawn randomly from the distribution of rate changes observed across CNO
sessions in hM3 mice (right, CNO2). B) Firing rate maps of three simulated place cells before and after modification of grid subfield rates (left, BL; middle, CNO1; right,
CNO2). Color indicates firing rate. The spatial correlation between rate maps from CNO sessions is shown on the right for each cell. Note that all three place cells
remapped in response to grid subfield rate changes (BL×CNO1 and BL×CNO2) and that the remapping was consistent between CNO1 and CNO2 (CNO1×CNO2). C)
Cumulative distribution function shows the spatial correlation between rate maps of simulated place cells between sessions (BL×CNO1, light blue; BL×CNO2, medium
blue; CNO1×CNO2, dark blue). Similar modifications to grid subfield rates produced artificial remapping on each day (spatial correlation, BL×CNO1 vs. BL×CNO2:
BL×CNO1 n = 1,975, BL×CNO2 n = 1,988, D* = 0.03, p = 0.18, two-sided Kolmogorov-Smirnov test), but the reorganization of the place cell code was similar across
days (spatial correlation, BL×CNO1 vs. CNO1×CNO2: BL×CNO1 n = 1,975, CNO1×CNO2 n = 2,150, D* = 0.53, p = 7.5 x 10-253; BL×CNO2 vs. CNO1×CNO2:
BL×CNO2 n = 1988, CNO1×CNO2 n = 2150, D* = 0.51, p = 4.0 x 10-233; two-sided Kolmogorov-Smirnov tests).
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Supplementary Figures749

Figure S1. Transgenic expression of hM3Dq DREADD receptor in MEC LII
A) Representative image of fluorescent immunohistochemistry of a sagittal brain slice targeting the transgene hM3Dq (magenta). Expression is largely restricted to
entorhinal cortex layer II. Counterstain NeuN (cyan). Scale bar: 500 µm. B) Same as in (A) without the NeuN counterstain. C-E) Representative high magnification
images of dorsal MEC showing NeuN (cyan) and hM3 (magenta) staining. Cropped images from the same brain-wide section shown in (A) and (B). Scale bar: 100
µm.
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Figure S2. Recording sites in CA1 and MEC.
A) Representative coronal section used to identify tetrode tracks in CA1. B) Representative sagittal section used to identify tetrode tracks in superficial MEC. C)
Tetrode locations in CA1 identified in three coronal sections in hM3 mice (left, blue), control mice (middle, red), and a separate group of mice exposed to two distinct
environments (right, green). Numbers indicate distance from bregma. D) Tetrode locations in superficial layers (II/III) of MEC identified in three sagittal sections in
hM3 (left, blue) and control (right, red) mice. Numbers indicate distance from midline. SUB, subiculum; PrS, presubiculum; dsc, lamina desiccans.
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Figure S3. Putative excitatory neurons in MEC exhibit similar changes in firing rate and field size across days.
A-B) Panels show significant changes in firing rate (A, left) and field size (B, right) of putative excitatory neurons in MEC between BL and CNO sessions on Day 1
and Day 2 in hM3 (blue) versus Con (red) mice (rate change, hM3 vs. Con: BL1×CNO1, hM3 n = 61, Con n = 46, Z = 4.8, p = 8.8 x 10-7; BL2×CNO2, hM3 n = 58,
Con n = 39, Z = 5.0, p = 3.3 x10-7; size change, hM3 vs. Con: BL1×CNO1, hM3 n = 46, Con n = 42, Z = 1.7, p = 0.04; BL2×CNO2, hM3 n = 41, Con n = 33, Z =
2.5, p = 6.6 x 10-3; one-sided Wilcoxon rank sum tests). Points represent individual MEC neurons; gapped lines represent mean ± standard deviation. Change refers
to an absolute difference score (see Methods). C-D) Scatterplots show significant correlation between firing rate (C, left) and field size (D, right) changes of putative
excitatory neurons in MEC between BL and CNO sessions on Day 1 and Day 2 in hM3 mice (rate change, BL1×CNO1 vs. BL2×CNO2: n = 49, r = 0.71, p = 1.0 x
10-8; size change, BL1×CNO1 vs. BL2×CNO2: n = 30, r = 0.76, p = 9.8 x 10-7; linear correlations). Points represent individual MEC neurons. ***p < 0.001. E) Panel
shows that there was no difference in the spatial correlation of MEC neurons (including grid cells) following CNO injection between hM3 and control mice (spatial
correlation, hM3 vs. Con: BL1×CNO1, hM3 n = 48, Con n = 42, Z = 1.6; p = 0.10; BL2×CNO2, hM3 n = 43, Con n = 34, Z = 1.8; p = 0.07; two-sided Wilcoxon rank
sum tests). Points represent individual MEC neurons; gapped lines represent mean ± standard deviation. F) Scatterplot showing significant correlation between grid
subfield relationships during CNO session on Day 1 and Day 2 in hM3 (blue) and Con mice (red) (CNO1 vs. CNO2: hM3 n = 66, r = 0.60, p = 2.0 x 10-7; Con n = 64, r
= 0.57, p = 1.4 x 10-5; linear correlations). For each grid cell, subfield rates were ordered from highest to lowest. We then calculated the normalized difference in peak
firing rate between all subfield pairs. Points represent the normalized difference between each subfield pair in CNO1 versus CNO2. ***p < 0.001. For lower panels in
(A), (B) and (E), black dot: median; black bars: 95% confidence interval; filled curve: sampling-error distribution..
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Figure S4. CA1 place cells exhibit consistent changes in firing rate and field size across days.
A-B) Panels show significant changes in firing rate (A, left) and field size (B, right) of CA1 place cells between BL and CNO sessions on Day 1 and Day 2 in hM3
(blue) versus Con (red) mice (rate change, hM3 vs. Con: BL1×CNO1, hM3 n = 113, Con n = 109, Z = 4.1, p = 1.8 x 10-5; BL2×CNO2, hM3 n = 109, Con n = 111,
Z = 6.3, p = 1.6 x 10-10; size change, hM3 vs. Con: BL1×CNO1, hM3 n = 86, Con n = 101, Z = 6.1; p = 4.6 x 10-10; BL2×CNO2, hM3 n = 80, Con n = 102, Z =
5.5, p = 2.0 x 10-8; one-sided Wilcoxon rank sum tests). Points represent CA1 place cells; gapped lines represent mean ± standard deviation. Change refers to an
absolute difference score (see Methods). C-D) Scatterplots show significant correlation between firing rate (C, left) and field size (D, right) changes of CA1 place cells
between BL and CNO sessions on Day 1 and Day 2 in hM3 mice (rate change, BL1×CNO1 vs. BL2×CNO2: n = 104, r = 0.60, p = 2.1 x 10-11; size change, BL×CNO1
vs. BL×CNO2: n = 64, r = 0.45, p = 1.8 x 10-4; linear correlations). Points represent CA1 place cells. E) Cumulative distribution function shows spatial correlation of
rate maps from BL sessions on each recording day for place cells in hM3 (light blue) and Con (light orange) mice. Note that there was no difference between groups
(spatial correlation, BL1×BL2: hM3 n = 126, median = 0.79, 95% CI, 0.69 – 0.82; Con n = 114, median = 0.79, 95% CI, 0.74 – 0.83; hM3 vs. Con, D* = 0.10, p = 0.57,
two-sided Kolmogorov-Smirnov test), indicating that place cells in hM3 mice returned to their BL representations 12+ hrs. after CNO injection. For lower panels in (A)
and (B), black dot: median; black bars: 95% confidence interval; filled curve: sampling-error distribution.
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Figure S5. Predictable reorganization of place code despite robust artificial remapping.
A) First eight rows show spike path plots and firing rate maps of BL and CNO sessions for eight CA1 place cells in hM3 mice (one cell per row). In spike path plots
(first two columns), the mouse’s trajectory is shown in gray and action potentials are represented in black. For firing rate maps (last two columns), color indicates firing
rate. Peak firing rate is noted below each rate map. Same convention for place field prediction as in Figure 3A (blue circles, primary place field in BL session; pink
circles, predictions of place field location; black circles, primary place field in CNO session). The prediction offset and the spatial correlation between rate maps from
the BL and CNO sessions are shown on the right for each cell. Bottom row shows spike path plots and firing rate maps for one CA1 place cell from a control mouse
exposed to two distinct environments (A and B). Same convention as above. B) Histogram shows prediction offsets for a shuffled control dataset (see Methods). Note
that prediction offsets were significantly lower in hM3 mice (see Figure 3C) than in the shuffled dataset (hM3 n = 204, median = 12.1 cm, 95% CI, 10.2 – 14.6 cm;
shuffle n = 261, median = 16.1 cm, 95% CI, 14.4 – 17.9 cm; hM3 vs. shuffle, Z = 3.9, p = 5.6 x 10-5, one-sided Wilcoxon rank sum test). Vertical lines represent the
median of the distribution. C) Panel shows the firing rate change within the primary place field from the BL session for place cells in hM3 (blue) and Con (red) mice.
Between sessions, there was a significant decrease in firing rate within the BL primary field in hM3 mice relative to controls (Con n = 320, median = -0.10; hM3 n =
204, median = -0.42; Con vs. hM3, Z = 8.4, p = 5.3 × 10-17, two-sided Wilcoxon rank sum test). Points represent CA1 place cells; gapped lines represent mean ±
standard deviation. Change refers to a difference score (see Methods). D) Panel shows the firing rate change within the primary place field from the CNO session
for place cells in hM3 (blue) and Con (red) mice. Between sessions, there was a significant increase in firing rate within the CNO primary field in hM3 mice relative to
controls (Con n = 320, median = 0.03; hM3 n = 204, median = 0.39; Con vs. hM3, Z = 8.4, p = 4.25 × 10-17, two-sided Wilcoxon rank sum test). Points represent CA1
place cells; gapped lines represent mean ± standard deviation. Change refers to a difference score (see Methods). E) Scatterplot shows no relationship between the
peak firing rate in the predicted location in the BL session and the prediction offset for place cells in hM3 mice (n = 204, r = -0.11, p = 0.12, linear correlation). Points
represent CA1 place cells. F) Scatterplot shows weak relationship between the degree of remapping following CNO injection and the prediction offset for place cells
in hM3 mice (n = 204, r = -0.26, p = 1.9 × 10-4, linear correlation). Points represent CA1 place cells. ***p < 0.001. For lower panels in (C) and (D), black dot: median;
black bars: 95% confidence interval; filled curve: sampling-error distribution.
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Figure S6. Grid subfield rate changes redistribute activity among spatially stable grid inputs.
A) Panel shows distribution of grid subfield rate changes in hM3 (blue) and Con (red) mice between BL and CNO sessions. In our simulation of the grid-to-place cell
transformation, grid subfield rates were modified by values drawn randomly from the distribution of grid field rate changes in hM3 mice (median = 0.55, 95% CI, 0.48
– 0.65). Note that there was significantly more change in grid subfield rates between BL and CNO sessions in hM3 mice relative to controls (hM3 vs. Con: BL×CNO,
hM3 n = 117, Con = 80, p = 2.7 x 10-19, two-sided Wilcoxon rank sum test). Top, points represent grid subfields; gapped lines represent mean ± standard deviation.
Change refers to an absolute difference score (see Methods). Bottom, test statistic is the median difference, shown on the y axis as a bootstrap sampling distribution.
Black dot: median; black bars: 95% confidence interval; filled curve: sampling-error distribution. p value is from Wilcoxon rank sum test; ***p < 0.001. B)Cumulative
distribution function shows spatial correlation between rate maps from BL and CNO sessions for place cells in hM3 mice (blue) and simulated place cells. When grid
subfield rates were modified by values drawn randomly from the distribution of grid field rate changes in hM3 mice (Sim ∆ = 0.6, purple), the extent of remapping was
similar for simulated place cells and place cells in hM3 mice (spatial correlation, BL×CNO: hM3 n = 394, median = 0.14, 95% CI, 0.09 – 0.17; Sim ∆ = 0.6 n = 1,975,
median = 0.13, 95% CI, 0.11 – 0.16; hM3 vs. Sim ∆ = 0.6, Z = 1.7, p = 0.09, two-sided Wilcoxon rank sum test). Decreasing (Sim ∆ = 0.3, green) or increasing (Sim
∆ = 0.9, orange) the extent of grid subfield rate changes (by adjusting the median of the distribution from which subfield rates were sampled) modulated the degree
of remapping among simulated place cells (spatial correlation, BL×CNO: Sim ∆ = 0.9 n = 2,033, median = 0.01, 95% CI, 0.00 – 0.03; Sim ∆ = 0.3 n = 1,897, median
= 0.31, 95% CI, 0.28 – 0.33). C) Panels show excitation maps representing the summed grid cell input to a single simulated place cell before and after grid subfield
rate change (top) or independent realignment of grid modules (bottom). Excitation maps (top row) depict strength of summed grid input (from blue to red). Color
in corresponding place cell rate maps (bottom row) indicates firing rate. To predict changes in the location of summed grid inputs (rather than hippocampal place
fields), we used the same method as in Figure 3A (blue circles, previous peak; pink circles, predictions; black circles, new peak). The prediction offset and the spatial
correlation between excitation maps from each session are shown on the right. Note that grid subfield rate changes typically caused the location of the primary field to
shift to an alternate peak in the input pattern rather than a random location, resulting in low prediction offsets and high spatial correlations between sessions (median
prediction offset = 16.0 cm, 95% CI, 13.0 – 19.0 cm). The location of the primary field typically shifted to an unpredicted location following independent realignment
of grid modules, resulting in high prediction offsets and low spatial correlations between sessions (median prediction offset = 40.2 cm, 95% CI, 39.0 – 41.2 cm). The
prediction offset was significantly lower after grid subfield rate changes than independent realignment (subfield rate change n = 3,730, independent realignment n =
4,616, Z = 21.8, p = 9.3 x 10-106, two-sided Wilcoxon rank sum test). D) Cumulative distribution functions show spatial correlation between excitation maps before and
after grid subfield rate change (gray) or independent realignment of grid modules (black). Grid subfield rate changes resulted in a predictable reorganization of grid
cell input, resulting in significantly higher spatial correlation between excitation maps from each session than following independent realignment (spatial correlation:
subfield rate change n = 5,000, median = 0.575, 95% CI, 0.571 – 0.579; independent realignment n = 5,000, median = 0.054, 95% CI, 0.047 – 0.061; subfield rate
change vs. independent realignment, D* = 0.91, p < 2.2 x 10-16, two-sided Kolmogorov-Smirnov test).
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Figure S7. Grid subfield rate changes elicit predictable and reproducible reorganization of hippocampal place fields.
A) Histogram shows prediction offsets between BL and CNO2 for simulated place cells. Note that we were able to predict place field locations equally well during
both runs of the simulation (prediction offset: BL×CNO2 n = 895, median = 22.2 cm, 95% CI, 19.4 – 24.1 cm; BL×CNO1 vs. BL×CNO2, Z = 1.0, p = 0.31, two-sided
Wilcoxon rank sum test). Vertical line represents the median of the distribution. B) Histograms show prediction offsets between BL and CNO2 for a shuffled control
dataset (see Methods; BL×CNO2 n = 1,218, median = 31.7 cm, 95% CI, 30.2 – 33.1 cm). Note that prediction offsets for simulated place cells between BL and CNO2
were significantly lower for the shuffled control dataset (simulation vs. shuffle, Z = 8.7, p = 4.4 x 10-18, two-sided Wilcoxon rank sum test). Vertical line represents the
median of the distribution. C) Kernel smoothed density estimate of prediction offset for simulated place cells (purple) and a shuffled control dataset (gray) between
the BL session and CNO2 (BL×CNO2).
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