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Abstract

Visual landmarks provide powerful reference signals for efficient navigation by altering
the activity of spatially tuned neurons, such as place cells, head direction cells, and grid
cells. To understand the neural mechanism by which landmarks exert such strong
influence, it is necessary to identify how these visual features gain spatial meaning. In
this study, we characterized visual landmark representations in mouse retrosplenial
cortex (RSC) using chronic two-photon imaging of the same neuronal ensembles over
the course of spatial learning. We found a pronounced increase in landmark-referenced
activity in RSC neurons that, once established, remained stable across days. Changing
behavioral context by uncoupling treadmill motion from visual feedback systematically
altered neuronal responses associated with the coherence between visual scene flow
speed and self-motion. To explore potential underlying mechanisms, we modeled how
burst firing, mediated by supralinear somatodendritic interactions, could efficiently
mediate context- and coherence-dependent integration of landmark information. Our
results show that visual encoding shifts to landmark-referenced and context-dependent

codes as these cues take on spatial meaning during learning.
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Introduction

Precise and reliable spatial navigation is critical for the survival of most mammals
and has an accordingly prominent representation in the brain, spread across multiple
areas (Vann, Aggleton, and Maguire 2009; Fischer et al. 2020). Spatial navigation is
guided by self-localization based on internal movement estimates combined with sensory
inputs that allow animals to locate themselves in the environment. Landmarks are sensory
cues that can be used to inform an agent about its location within a given spatial context
(E Save and Poucet 2000; Etienne et al. 2000; Biro et al. 2007; Julian et al. 2018). For a
sensory stimulus to act as a landmark, it must first be associated with spatial meaning
(Epstein et al. 2017; Gothard and Skaggs 1996; Chan et al. 2012; Taube and Burton
1995; Jeffery 1998). Once the spatial meaning of a landmark in a given environment has
been learned, subsequent exposures to the landmark allow current self-localization
estimates to be corrected (Etienne, Maurer, and Séguinot 1996; Campbell et al. 2018;
Knierim, Kudrimoti, and McNaughton 1998; Gothard, Skaggs, and McNaughton 1996).
How environmental cues are integrated into neural codes of space is an important but
poorly understood process that remains a key unanswered question for the field of
navigation, and which could shed light on the mechanisms underlying navigational deficits
in Alzheimer’s disease and dementia.

Converging evidence points to retrosplenial cortex (RSC) as an important locus for
landmark processing (Vann, Aggleton, and Maguire 2009; Etienne, Maurer, and Séguinot
1996; Gothard and Skaggs 1996; Jeffery 1998; Auger, Mullally, and Maguire 2012; Jacob
et al. 2017; Fischer et al. 2020; Mao et al. 2020). Neurons in RSC have been shown to
encode a range of egocentric and allocentric encoding properties, making it an ideal locus
for landmark processing (Alexander and Nitz 2017; 2015; Vedder et al. 2016; Mao et al.
2020; 2017). During spatial navigation, RSC neurons represent visual landmarks via
nonlinear integration of self-motion and visual inputs (Fischer et al. 2020). Recordings in
freely moving rats have shown that individual RSC neurons conjunctively encode space
in egocentric and allocentric spatial reference frames (Alexander and Nitz 2015).
Complementary evidence from freely rotating head-fixed mice indicate that top-down

dendritic computations are engaged in this process (Voigts and Harnett 2020). These


https://doi.org/10.1101/2024.08.18.607457
http://creativecommons.org/licenses/by-nc/4.0/

62
63
64
65
66
67
68
69
70
71
72
73
74
75
76
77
78
79
80
81
82
83
84
85
86
87
88
89
90
91
92

bioRxiv preprint doi: https://doi.org/10.1101/2024.08.18.607457; this version posted August 19, 2024. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made

available under aCC-BY-NC 4.0 International license.

properties suggest that RSC is a key node in processing sensory inputs for effective
landmark-mediated self-localization.

However, a physiologically plausible mechanistic understanding of how neurons
learn the spatial meaning of landmarks over the course of exploring an environment is
missing. Previous studies show an interplay between primary visual cortex and RSC
during landmark-dependent navigation (Fischer et al. 2020; Campbell et al. 2018). Other
experiments indicate that RSC encodes self-motion information (e.g. how many steps
have | taken?), as well as world-referenced inputs (e.g. where in my field of vision is a
wall?) (Mao et al. 2020; 2017; Julian et al. 2018). To effectively utilize landmarks, RSC
must generate accurate self-localization estimates by combining these two sources of
information. Neural networks in RSC are therefore subject to conflicting demands in order
to reconcile self-localization estimates with sensory inputs. Internal location
representations need to be continuous and resist sudden jumps to provide reliable
estimates, even during times of scarce external information, such as low-light conditions
(McNaughton et al. 1996; Moser, Kropff, and Moser 2008). Sensory processing, in
contrast, must rapidly encode inputs to allow quick responses to novel or unexpected
stimuli (D. A. Evans et al. 2018; Carandini and Churchland 2013). How these different
coding regimes interact to provide continuous and accurate position estimates is currently
poorly understood (T. Evans et al. 2016; Angelaki and Laurens 2020). We hypothesized
that neurons in RSC alter the balance of self-refenced or world-reference codes
depending on which source of information provides a more accurate self-localization
signal in the current environment.

To address this question, we recorded longitudinally from the same RSC neurons
as mice learned a landmark-dependent navigation task using 2-photon imaging. We used
a generalized linear model (GLM) to evaluate the contribution(s) of self-referenced versus
world-referenced factors to the activity of individual neurons over the course of learning.
We then assessed neuronal activity in different behavioral contexts to characterize the
properties of landmark signals in RSC. Based on our experimental data we developed a
proof-of-principle model that uses a putative cellular mechanism for landmark-mediated
error correction during navigation. Our results show that individual neurons in RSC shift

their activity patterns to allow efficient landmark-mediated self-localization.


https://doi.org/10.1101/2024.08.18.607457
http://creativecommons.org/licenses/by-nc/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2024.08.18.607457; this version posted August 19, 2024. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under aCC-BY-NC 4.0 International license.

93 Results

94  RSC neurons transition from self-referenced to landmark-referenced spatial codes while

95 learning a visual landmark navigation task.

96 We trained mice to perform a virtual landmark navigation task (Fischer et al. 2020). Briefly,
97 head-fixed mice learned to lick for water rewards at one of two different unmarked reward
98 locations associated with two distinct visual landmarks along a virtual corridor (Fig. 1A,
99 Fig. S1A-C). The virtual corridor consisted of a floor and two walls that contained non-
100 location-specific patterns that provided optic flow but no other spatial information. Each
101 trial started at a randomized location between 50 to 150 cm before a landmark. By licking
102  within the (unindicated) reward zone, mice could trigger water delivery. In-between trials,
103  mice spent at least 3 seconds in a featureless ‘black box.’
104 The mean distance between the first lick location on each track in a given session
105 was used as a behavioral readout for task proficiency (Fig. 1B, C, Fig. S1B). Two-photon
106 GCaMP6fimaging of layer 2/3 (L2/3) RSC neurons was carried out on 35/85 interspersed
107 sessions (n=5 mice) sessions: the other 50/85 sessions were behavior only training
108 sessions (Fig. 1D). A subset of individual neurons were tracked 22 of the 35 sessions
109 (mean + SEM: 35.14 + 1.86 tracked cells/session). To do so, we matched the spatial
110 footprints of neurons between a reference session and a second session using the
111  CellReg algorithm (Sheintuch et al. 2017) in conjunction with manual curation (see
112  Methods and Fig. S2A-C).
113 We applied a generalized linear model (GLM) to quantify which behavioral
114  variables each neuron encoded in each session as animals learned the task. The GLM
115 included two categories of predictors: landmark-referenced and self-referenced. Self-
116 referenced predictors captured behavioral variables relative to the animal, while
117  landmark-referenced predictors related to locations relative to the landmark (Fig. 1E, Fig.
118 S1F). The GLM was fit to the GCaMP fluorescence signals using elastic net regularization
119 (Friedman, Hastie, and Tibshirani 2010) (a=0.5, see Methods for details, Fig. S3A).
120  Coefficient weights showed an increase in the weight of landmark-referenced predictors
121  over the course of learning (Fig. 1F-H, Fig. S1D, E; Pearson correlation p=0.504,
122 p=0.017, n=22 sessions, 5 animals, mean + SEM: 35.1 + 1.9 tracked neurons/session).

123 These results were in line with previously reported results (Fischer et al. 2020). Further
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124  analysis showed that neither the number of non-zero coefficients, peak fluorescence
125 signal, nor trial-by-trial robustness of responses changed over the course of learning.
126 However, neuron activity increased overall (Fig. S3E-H). Predicting neural activity using
127  only landmark-referenced or only self-referenced predictors showed small but significant
128 increases in model fit (explained variance R?; Fig. 11,J, Pearson correlation p=0.473,
129 p=0.026), despite the overall explained variance not changing significantly (Fig. S3D) and
130 running speeds remaining largely similar (Fig. S3L). The same relationships held true
131 when all neurons in all recorded sessions, rather than just neurons that were tracked
132 across sessions, were included in this analysis (Fig. S3B, C).

133 We next evaluated how well RSC neurons encoded space by decoding the
134 animal’s location relative to the landmark using population activity. For this analysis we
135 used all recorded neurons in a given session (mean = SEM: 75.51 + 3 neurons/session).
136 We found a significant decrease in reconstruction error as task proficiency increased,
137  suggesting that landmark-anchored spatial codes increase with the animal’s ability to use
138 landmarks for navigation (Fig. 1K, L, Fig. S2I-K; Pearson correlation p=-0.494, p=0.003).
139 Together, our results show a significant correlation in RSC neurons between the
140 representation of landmark-referenced activity and proficiency in using landmarks for
141  navigation. This indicates that RSC neurons shift their encoding priorities as a function of
142  task demands.

143
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145  Figure 1: RSC neurons transition from self-referenced to landmark-referenced spatial

146  codes while learning a visual landmark navigation task.

147  (A) Experimental setup (left) and task schematic (right). Animals had to traverse a virtual linear
148  corridor and locate an unmarked reward zone relative to one of two visual landmarks that were
149 randomized on a trial-to-trial basis (‘Track 1’ and ‘Track 2’). Animals were then “teleported” to a
150 black box for >3 seconds and subsequently to a randomized start location for the next trial. (B)
151  Raster plot of licking behavior relative to the respective landmarks. (C) The performance metric
152  (task score) was calculated as the median distance between licking onset on Track 1 and Track
153 2. (D) GCaMP fluorescence of an example neuron over multiple trials before and after learning
154  the task (task score > 20 cm). Purple vertical lines indicate when the animal passed the landmark.
155 (E) Predictors used to fit a generalized linear model (GLM). Predictors were categorized into two
156  groups: 1) landmark-referenced (anchored to spatial locations relative to the landmark) and 2)
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157  self-referenced to the animal. (F) Coefficient weights of the example neuron shown in (D) before
158 and after learning. (G) Mean landmark-referenced coefficient weights over the course of learning.
159 (H) Same as (G) but for self-referenced coefficients. (I) Average activity of an example neuron as
160 a function of location relative to the landmark (black trace) as well as activity predicted by GLM
161 using either landmark (purple) or self-referenced (green) coefficients only. (J) Variance explained
162 (R? by prediction of neural activity using only landmark-referenced coefficients and self-
163  referenced coefficients as a function of task score. (K) Example trial using a Bayesian decoder to
164  estimate animal position based on neural activity. Left: Probability density function of location
165  estimate for each time bin. Right: Reconstructed location (grey) versus actual location (black). (L)
166  Mean position reconstruction error as a function of task score across all animals and sessions.

167  Visual inputs stabilize spatial codes in RSC.

168 We next asked how stable landmark representations in RSC are over time. Persistent
169 codes allow for stable output to downstream structures, while variable population activity
170 indicates that organizational principles are embedded in higher-order network dynamics
171  (Quian Quiroga and Panzeri 2009; Haider et al. 2016; Ujfalussy et al. 2015; Remington
172 et al. 2018). Previous work has shown that spatial codes of individual RSC neurons vary
173  day-by-day in the absence of location-specific visual inputs (Mao et al. 2018). We
174 therefore asked whether learning visual landmark cues can stabilize neuronal
175 representations across days. We tested the persistence of landmark-referenced codes in
176  RSC by tracking the same neurons over three expert sessions (task score > 20 cm; Fig.
177 2A & Fig. S2A-C). The task score threshold of 20 cm was empirically chosen to indicate
178  when mice began reliably using landmarks to locate rewards. These sessions constitute
179  asubset of the sessions shown in Fig. 1. Peak responses (calculated as the peak average
180 AF/F across all trials along the track) and the area under the curve of all tracked neurons
181 (n = 169 neurons from 5 animals) did not change significantly across days (Fig. 2B, C;
182  One-way ANOVA, p=0.5 for AF/F peak, p = 0.8 for AUC/spatial bin).

183 To test if neurons retained their spatial tuning, we quantified the cross correlation
184  of each neuron’s activity as a function of location on the track. The cross-day cross-
185 correlation was calculated by concatenating the activity of a given neuron on all trials
186  where a given landmark was shown and finding the highest peak in the cross-correlogram
187 (Fig. 2D). Neural activity in the black box between trials and after reward delivery was

188  removed from this analysis. Neurons with an R? value smaller than 0.25 were not included
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189 in this analysis to remove neurons with little-to-no landmark- or self-referenced activity.
190 Intotal, 156 neurons (out of 169 tracked neurons) from 5 mice were used in this analysis.
191 To test whether individual neurons were significantly cross-correlated across days,
192  a shuffled distribution of cross-correlation values was calculated for each neuron by
193  rotating its neural activity by a random amount for each trial and re-calculating the cross-
194  correlation. We used this shuffled null distribution to compare trial-by-trial activity
195 correlations of individual neurons to spatially-randomized activity. The z-score relative to
196 the shuffled distribution was then calculated (Fig. 2E). We found that landmark-referenced
197 codes across three consecutive sessions were stable (Fig. 2F; median z-score for
198 correlation between sessions 1-2: 2.72, IQR: 3.67; session 1-3: 2.21, IQR: 3.29, unpaired
199 two-tailed T-test: p<0.0001 for all comparisons, see Fig. S4A for non-z-scored cross
200 correlation values). Finally, we analyzed the peak-shift in cross correlation (Fig. 2G). The
201  peak-shift analysis revealed a median shift of 15 cm (IQR: 135 cm), suggesting that the
202 vast majority of neurons retain their spatial tuning. These results indicate that
203  behaviorally-relevant anchoring visual cues can stabilize spatial codes in the cortex.

204
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Figure 2: RSC neuron spatial codes stabilize after learning in the presence of visual cues.
(A) Trial-averaged activity of five example neurons as a function of location on the track. All
vertical scale bars indicate 0.5 AF/F. (B) Mean peak AF/F for all tracked neurons across three
sessions. (C) Same as (B) but for area under the curve (AUC) calculation. One-way ANOVA
indicates no significant difference between days. (D) Schematic of cross-correlation calculation
between sessions. For each neuron, the cross correlation between sessions was calculated
from spatially binned activity with periods in-between trials removed. (E) Histogram of the z-
score of each neuron’s cross-correlation value relative to a shuffled distribution. (F) Z-score
boxplot for first vs. second and first vs. third session. (G) Probability of cross-correlation peak
location shift.
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218 RSC neurons are most active when visual flow and self-motion signals are coherent.

219 Context-dependent processing of sensory inputs is a cornerstone of cortical function
220 (Mante et al. 2013; Smith, Barredo, and Mizumori 2012; Mao et al. 2017). A number of
221  studies have reported a general decrease in activity and spatial specificity during visuo-
222 motor mismatch conditions in cortex (Harvey, Coen, and Tank 2012; Fischer et al. 2020;
223  Diamanti et al. 2019; Mao et al. 2020). However, a more detailed understanding of the
224  patterns of activity changes can provide clues as to how visual and motor information is
225 integrated. We hypothesized that RSC neurons implement context-sensitive codes by
226  associating self-motion with visual motion cues in a given environment. This allows
227  sensory cues to be differentially encoded depending on the behavioral context in which
228 they are encountered. To test this hypothesis, we introduced visuo-motor mismatch trials
229 in which virtual movement was uncoupled from animal running (Fig. 3A). During these
230 mismatch trials, the virtual corridor moved at a constant speed of 30 cm/sec, independent
231 of running behavior. The reward zone was in the same virtual location and, though licking
232 behavior was still recorded, no rewards were dispensed. A brief trial break (approx. 30
233  sec.) between VR and visuo-motor mismatch sessions signaled the behavioral context
234 switch. Mice ceased to lick in the rewarded zone soon after the switch to the visuo-motor
235 mismatch session (Fig. 3B), behavioral confirmation that they recognized the change.
236  Congruent with previous data (Fischer et al. 2020), neural activity overall was lower during
237  the visuo-motor mismatch session compared to when the animal was actively executing
238 the task (Fig. 3C; mean £ SEM VR: 0.31 + 0.03, visuo-motor mismatch: 0.19 + 0.02,
239 paired, two-tailed T-test: p=0.001, n=13 sessions, 5 naive and 8 expert with a task score
240 >20 cm, n=5 mice).

241 We analyzed neural activity in visuo-motor mismatch sessions as a function of the
242  difference between the visual flow speed and the animal’s running speed on the treadmill
243 in expert animals (Fig. 3D). To account for linear speed modulation of neural activity, we
244  fit a linear regression to the activity of each neuron as a function of speed and subtracted
245  the corresponding linear factor (see Methods). We found a tendency for neurons to be
246  most strongly activated when the movement speed of the displayed corridor matched the
247  animal’s own running speed (Fig. 3E,F, Fig. S5A). To quantify the relationship between

248  visuo-motor mismatch and neural activity, we calculated the integrated calcium activity of

10
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249  each neuron on each trial as a function of the absolute visuo-motor mismatch. This
250 revealed a modest negative correlation, suggesting that neurons are most active when
251  visuo-motor mismatch was smallest (Fig. 3G, Spearman rank correlation: p=-0.036,
252 p=0.0017; the same relationship held true when we did not correct for linear speed, Fig.
253  S5C). No relationship between running speed and neural activity was found while animals
254  were in the black box in-between trials (Fig. S5B). We reasoned that the relationship
255  between mismatch and neural activity should translate into improved spatial coding when
256 running and visual flow speed match, and vice versa, if the mismatch is large, spatial
257 coding should be disrupted. To test this, we trained a Bayesian decoder on neural data
258  collected during virtual navigation in trained animals (task score > 20 cm) and used it to
259 estimate the mouse’s location during visuo-motor mismatch trials. Reconstruction error
260 was smallest when the difference in animal running speed and visual flow speed was
261 around zero (Fig. 3H, Spearman rank correlation: p=-0.474, p<0.001). These results
262 indicate that RSC neurons are functionally organized to most strongly represent visual
263 feedback when coordinated with self-motion, thus providing evidence for behavioral-
264  context representation that is based on reconciling internal and external cues for self-
265 localization.

266
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268 Figure 3: Behavioral context modulates RSC neuronal response strength and spatial

269 coding.

270  (A) Visuo-motor mismatch experiment schematic: virtual corridor flow speed (30 cm/sec) versus
271  animal running speed was measured in relation to neuronal responses. (B) Fraction of trials with
272  atleast one lick in the reward zone. (C) Mean GCaMP6f AF/F signal area under the curve

273  (AUC) per 5 cm spatial bin during VR and visuo-motor mismatch periods. (D) AF/F of an

274  example neuron as a function of mismatch. Each dot represents the signal of one recorded

275 frame. Color code indicates speed mismatch. (E) Example GCaMP6f AF/F traces of one neuron
276  (top) and the difference in animal running and virtual corridor flow speed (ASpeed; below)

277  during two sets of trials (left: 5 trials where the animal was locomoting, right: 7 trials where the
278 animal was quiescent). (F) GCaMP6f activity of two example neurons during visuo-motor

279  mismatch session. Each trace represents one trial with the color code indicating the difference
280 in average running and virtual corridor flow speed for that trial. (G) Integrated AF/F of each trial
281  as a function of speed mismatch for all neurons and all trials of n=8 expert sessions. Each trial
282  of a given neuron is represented by one dot. Red line: linear fit. (H) Location reconstruction error
283  using a Bayesian decoder that was trained on virtual navigation data and applied to visuo-motor
284  mismatch trials (n=8 expert sessions). Red line: linear fit.

285
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286  Bursting firing mediated by dendrites can accurately correct self-localization estimates.

287  Our experimental results show that RSC neurons develop stable, landmark-referenced
288 codes over learning that are modulated by behavioral context. We hypothesized that
289 individual neurons could generate these landmark codes by integrating visual bottom-up
290 inputs with contextual top-down signals. Recent work has shown that RSC receives
291 spatially segregated inputs from thalamic, primary visual, and associative cortices
292 (Lafourcade et al. 2022). We reasoned that the generation of bursts of action potentials
293 generated by coincident bottom-up somatic and top-down dendritic inputs (Naud and
294  Sprekeler 2018; Payeur et al. 2021; Xu et al. 2012; Ranganathan et al. 2018; Bicknell and
295 Hausser 2021; Takahashi et al. 2016; Francioni and Harnett 2021; London and Hausser
296 2005; Larkum, Kaiser, and Sakmann 1999; Larkum 2013; Greedy et al. 2022; Fisek et al.
297  2023) could underlie the amplification of sensory inputs by behavioral context we have
298 observed in our data. We therefore created a model to explore how somatodendritic
299 interactions in pyramidal neurons could potentially be utilized to provide context-
300 dependent self-localization.

301 Our model combined multi-compartment spiking neurons developed by Naud and
302 Sprekeler (2018) with an attractor model representing an agent’s self-localization
303 estimate (Ocko et al. 2018). We adjusted the parameters of neurons compared to (Naud
304 and Sprekeler 2018), which consisted of a somatic and a dendritic compartment (Fig.
305 4A,B). The biophysical properties of each compartment endowed these neurons with the
306 ability to generate bursts of action potentials, but only when somatic and dendritic inputs
307 coincided (Fig. 4B,C) (Naud and Sprekeler 2018). The multi-compartment neurons sent
308 output to a linear attractor (Fig. 4A, Fig. S6A), which represented the agent’s self-
309 localization estimate by a Gaussian activity bump centered at the best current location
310 estimate (Zhang 1996; Campbell et al. 2018; Ocko et al. 2018). Each neuron received
311 visual inputs at a location relative to the landmark. The location relative to the landmark
312 was drawn from a Gaussian distribution (Fig. S8A). Even though visual landmark inputs
313 cease after the animal has passed the landmark, in this model some visual inputs indeed
314 have their receptive field center after the landmark. This is consistent with previous
315 findings (Fischer et al. 2020) and is further supported by the rich responses primary visual

316 cortex is known to generate (Saleem et al. 2018; Niell and Stryker 2010; Musall et al.
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317 2019; Pakan et al. 2018). Visual landmark inputs were modeled as somatic input currents
318 that scaled as a function of distance to its respective receptive field center.

319 Each neuron also received input into its dendritic compartment as a function of
320 coherence between self-motion and visual flow feedback (visuo-motor coherence; Fig.
321 4A). Both compartments received constant noise inputs (see Methods) that resulted in
322  stochastic background spiking. The combination of bottom-up feedforward and top-down
323 feedback inputs resulted in an increased propensity for neurons to burst. In contrast,
324 neurons receiving an equivalent total amount of current injected into the somatic
325 compartment alone emitted significantly fewer bursts (Fig. S6B). Each spike emitted by a
326 landmark neuron exerted a rapidly decaying force on the attractor via a sigmoidal
327 activation function that incorporated a gating threshold (Fig. 4A; Methods) that corrected
328 the self-localization estimate towards its respective receptive field center. This rapid
329 decay acted as a filter that prevented the self-localization estimate from erroneously
330 changing due to background noise. To test this, we ran a series of simulations with
331 increasing gating threshold values (Fig. 4D). While a low threshold value meant single
332 spikes pull the attractor away from the agent's actual location, higher thresholds
333 prevented any error correction altogether. Our fit showed an optimal range between 1.4
334 and 1.8. We used 1.75 for all subsequent simulations.

335 We then used behavioral data from our experimental recording sessions to
336 simulate 100 trials of the landmark navigation task (from Fig. 1) with 100 simulated
337 neurons whose activity was anchored by the landmark (“landmark neurons”). Each trial
338 started with a random initial offset between the self-localization estimate and the agent’s
339 actual location. As the agent traversed the linear corridor, the combined force generated
340 by neurons corrected the self-localization estimate (Fig. 4E-G, Fig. S8B; mean final error:
341 1.7+0.11 cm. Paired t-test: p < 0.001; mean corrective force AUC £ SEM: 225.11 + 2.62).
342 In contrast, running the same simulation without coincident somatodendritic inputs
343  resulted in significantly worse error correction (Fig. S6C-E, Fig. S8C). These simulations
344  show that bursts of actional potentials generated by somatodendritic interactions are a
345 robust way to generate corrective inputs for self-localization estimates.

346
347
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348
349  Figure 4. Somatodendritic bursting in a hybrid simulated neural network enables

350 accurate location error correction.

351 (A) Simulation components. Each landmark neuron is connected onto the attractor at its

352  respective spatial receptive field center. (B) Schematic of spikes and bursts generated as a
353  function of somatic and dendritic inputs. Bursts are defined as 2 or more spikes with an

354  interspike interval <10 ms. (C) Spike and burst rates in response to increasing current inputs.
355 (D) Agent self-localization error correction during simulated trials as a function of threshold

356 between neurons and attractor. Each red dot represents a set of simulated trials at a given

357 threshold value, black line is a 2nd order polynomial fit. (E) Example simulated trial. Top:

358 example neuron activity. The landmark is indicated by the dashed lines. Middle: running speed
359 in simulated trial. Bottom: force applied to attractor by example neuron. (F) Left: Actual location
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360 (solid line) and self-localization estimate of attractor (dashed line). Right: Self-localization error
361 (calculated as actual location minus attractor activity bump location) and corrective force applied
362  to the attractor by 100 landmark neurons. (G) Left: Error at the beginning and at the end of 100
363 simulated trials. Right: Total force applied to the attractor by all landmark neurons combined. (H)
364  Activity traces of an example neuron during visuo-motor mismatch. Neural activity is shown

365 above the respective speed mismatch (color coded) and the force exerted by that neuron on the
366  attractor (pink). (I) Mean spike rate per trial as a function of visuo-motor mismatch speed. Each
367 dot represents one trial of one neuron. (J) Force exerted on attractor. (K) Total force exerted by
368 landmark neurons on the attractor during mismatch trial simulation. (L) Force exerted onto

369  attractor during simulated virtual navigation (“VR”) and visuo-motor mismatch trials

370  (“Mismatch”).

371  Somatodendritic interactions can support context-dependent computations.

372 Our experimental data indicate that mouse RSC exhibits different sensory cue integration
373 regimes during virtual navigation and visuo-motor mismatch sessions. We tested if our
374 model could recapitulate these findings by simulating 100 visuo-motor mismatch trials.
375 Consistent with our virtual navigation simulation, we used behavioral data from our mouse
376 experiments. We reasoned that visual landmark inputs do not influence downstream
377 neural representations during visuo-motor mismatch, as they are not relevant to ongoing
378 behavior, and they should therefore exert minimal force. We modeled dendritic inputs as
379  avisuo-motor coherence signal which was dependent on the difference in agent running
380 and VR flow speed. The virtual environment was shown at a constant flow speed of 30
381 cm/sec while mice were free to sit or run on the treadmill. Similar to observations made
382 in biological neurons during this task (Fig. 3), the activity of model neurons was highest
383 when animal running speed approximately matched visual flow speed leading to
384 increased force exerted on the attractor (Fig. 4H-J, Spearman rank correlation for spike
385 rate: p=-0.263, p<0.001, for force exerted: p=-0.799, p<0.001). Overall, the total force
386 exerted on the attractor was significantly lower compared to virtual navigation during
387  visuo-motor mismatch trials (Fig. 4K,L; mean £ SEM VR: 225.11 + 2.62, Mismatch: 42.25
388 +3.43, Two-tailed T-Test for related samples: p < 0.001). By modeling dendritic inputs as
389 visuo-motor coherence, we were thus able to implement a biophysically-plausible
390 mechanism for context-dependent sensory cue integration switching.

391 Finally, we tested if supralinear somatodendritic interactions in our model were
392 necessary for context-dependent landmark computations. We ran two simulations using

393 linearly or supralinearly integrating single-compartment variants of the previously
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394 described artificial neurons (Fig. S6A,B). Both models had an otherwise identical
395 architecture. Supralinear single-compartment neurons transformed current input into
396 spiking in such a way that it mirrored that of 2-compartment neurons with coincident
397 somatodendritic inputs (Fig. S6C, top). This is achieved by multiplying input currents by
398 a factor that is dependent on the membrane potential (see Methods). Vice-versa, linear
399 single-compartment neurons matched the firing properties of 2-compartment neurons
400 without coincident inputs (Fig. S6C, bottom). The supralinear model reliably corrected the
401 agent’s self-localization estimate (Fig. S6D). In contrast, the linear model did not (Fig.
402  S6E). The lack of correction in the linearly integrating model is the result of the landmark
403 neuron’s inability to exert any meaningful force on the attractor (Fig. S6F; mean corrective
404 force AUC £ SEM supralinear model: 711.05 + 11.63; linear model: 0.001 + 0.0008). This
405 is reflected in the overall correction performance over 100 trials (Fig. S6G). Importantly,
406 neither model was able to respond appropriately to the behavioral context switch. The
407  supralinear single-compartment model fired bursts consistently, regardless of behavioral
408 context (Fig. S6H; Fig. S9A,B; mean corrective force AUC £ SEM during VR: 711.05 +
409  11.63; during visuo-motor mismatch: 225.11 + 2.62). In contrast, the linear model was
410 never able to correct the agent’s self-localization estimate (Fig. S6l; Fig. S9C,D; mean
411  corrective force AUC = SEM during VR: 0.001 + 0.0008; during visuo-motor mismatch:
412 2.59 * 4.3x10-6). Together, these results provide evidence that supralinear dendritic
413 integration in 2-compartment cortical neurons can facilitate cortical computations across
414  behavioral contexts (Tran-Van-Minh et al. 2015; Francioni and Harnett 2021; Poirazi and
415 Papoutsi 2020; Greedy et al. 2022; B. A. Richards and Lillicrap 2019; Payeur et al. 2021).
416
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417 Discussion

418 We provide evidence for a learned, persistent, and context-dependent landmark code in
419 RSC. This code is evident in a significant increase in the encoding of landmark-referenced
420 variables over the course of task acquisition (Fig. 1) that remains stable over days (Fig.
421  2). The landmark codes are significantly attenuated when landmarks are irrelevant to
422  behavior, but appear to increase activity if external visual cues and animal behavior are
423  similar to the context in which landmark signals are important (Fig. 3). Based on our data,
424  we combined a multi-compartmental neuron model with an attractor network to evaluate
425 the plausibility of a somatodendritic mechanism in which burst firing of cortical neurons
426 mediates a corrective signal.

427 While numerous studies have shown that RSC is involved in landmark processing
428  (Fischer et al. 2020; Epstein 2008; Maguire 2001), how individual neurons adapt their
429 encoding properties while learning the spatial meaning of a landmark is unknown. We
430 show that individual RSC neurons significantly increase their encoding self-referenced
431 variables over the course of learning. Interestingly, our GLM results further indicate that
432  neurons retain some encoding of self-referenced information. This result is consistent
433 with the demands of our task, which requires animals to use landmark-referenced
434  information during self-localization as well as self-referenced information during the
435 |ocalization of the reward after they have passed the landmark. Our results are congruent
436  with previous studies that point to conjunctive encoding of ego- and allocentric variables
437 in RSC (Alexander and Nitz 2015; Mao et al. 2020; Jacob et al. 2017). It is worth noting
438 that residual encoding of self-referenced variables may account for path-integration
439  deficits found in lesion studies of RSC (Cooper and Mizumori 2001; 1999; Elduayen and
440 Save 2014). An exciting direction for future inquiries is to gain a deeper understanding of
441  how task structure affects encoding priorities in RSC.

442 Landmark codes were stable across days in our paradigm. This contrasts with
443  previous observations of variation across days in the spatial tuning of RSC cells (Mao et
444  al. 2018). We posit that the presence of visual landmarks in our experimental design
445 underlies the cross-day stability that we have observed. This result could be related to
446 instability of other cell types that are tuned either to the environment or oneself, such as
447  place cells (Etienne Save, Nerad, and Poucet 2000; Muller and Kubie 1987), head-
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448  direction cells (Taube, Muller, and Ranck 1990; Knight et al. 2014) and even grid cells
449  (Campbell et al. 2018). This speaks to the importance of visual landmarks in spatial
450 navigation. However, the exact topological organization of spatially tuned brain structures,
451 and how visual inputs are integrated during navigation, remains unknown. Our work
452  suggests that RSC is a key node in receiving and parsing behaviorally relevant visual
453  stimuli during navigation.

454 Context-dependent modulation of neural activity is a critical aspect of cortical
455 computation and has been found in nearly every region where it has been investigated
456  (Harris and Mrsic-Flogel 2013; Pakan et al. 2016; Zipser, Lamme, and Schiller 1996;
457  Ferguson and Cardin 2020). In line with previous reports in RSC (Fischer et al. 2020; Mao
458 etal. 2017; 2020; Harvey, Coen, and Tank 2012), we found a decrease in overall neural
459  activity when animals are not actively navigating. Such an overall decrease could be
460 attributed to a number of factors including overall decreased engagement or lack of
461 reward. While we cannot entirely rule out other contributing factors, our previous work
462  (Fischer et al. 2020) and our analyses here suggest that general attenuation of neural
463  activity is not the most likely explanation. Our data further showed that neuronal activity
464  increases as the mismatch between visual flow and self-motion feedback decreases. One
465  possible mechanism underlying such a context-dependent modulation could be predictive
466  coding, which may be dendrite-mediated (Rao and Ballard 1999; Leinweber et al. 2017;
467  Keller and Mrsic-flogel 2018). While previous studies investigating dendritic mechanisms
468  of nonlinear integration have mostly focused on primary sensory areas (Xu et al. 2012;
469 Ranganathan et al. 2018; Francioni, Padamsey, and Rochefort 2019; Beaulieu-Laroche
470 et al. 2019; Palmer et al. 2014; Manita et al. 2015; Ayaz et al. 2019), associative areas
471  may implement similar computations (Lafourcade et al. 2022).

472 We have posited that visuo-motor coherence could provide a top-down signal for
473 when a cue is encountered in a familiar location. This enables correct encoding of
474  landmarks in two ways: 1) A visual cue passes through the visual field at different rates,
475 depending on its distance from the observer. Visuo-motor coherence thus allows correct
476  encoding of visual cue distance; 2) When a cue is encountered but the animal is not
477  actively navigating, as is the case in mismatch sessions, the same cue does not generate

478  bursts and thus does not affect downstream change in positional codes. Our simulations
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479 predict a dendrite-localized signal that varies as a function of the learned association
480 between a given, familiar environment and self-motion. Future studies may address this
481 mechanistic hypothesis resulting from our work.

482 We simulated a population of multi-compartment neurons (Naud and Sprekeler
483  2018) to explore how the computational capabilities of cortical neurons add flexibility to
484  the way visual landmark inputs update self-localization estimates. Previous studies have
485 investigated how corrective inputs to attractor networks can offset errors that either
486 accumulate over time or are introduced through environmental manipulations (Campbell
487 et al. 2018; Hardcastle, Ganguli, and Giocomo 2015; Bicanski and Burgess 2016; Burak
488 and Fiete 2009; Page and Jeffery 2018). Most of these models are designed to work in a
489  single behavioral context and are therefore unable to account for more complex demands
490 inreal world scenarios. We explicitly modeled the source of landmark and context signals
491  to show how neuronal output can be efficiently modulated by a simple somatodendritic
492  mechanism. We note that our experimental paradigm does not capture the complexities
493  of freely moving mice in their natural habitats. However, we contend that our proposed
494 mechanism can generalize to natural environments in which a given landmark,
495 encountered from the same viewing angle under similar self-motion aspects, should still
496 elicit a stronger response compared to the same landmark being seen from completely
497 different vantage point, as self-localization errors can be most efficiently corrected if a
498 landmark is seen from a familiar location.

499 An important future avenue of inquiry will be to investigate how individual neurons
500 bind their code to a certain location relative to the landmark. A number of studies have
501 looked into this dynamic (Widloski and Fiete 2014; Ocko et al. 2018; Campbell et al.
502 2018). Our previous work (Fischer et al. 2020) has shown that primary visual cortex sends
503 spatially tuned inputs to RSC which could act as an initially context-free
504 feedforward/bottom-up signal. Over the course of learning, top-down context signals,
505 such as we suggest in this study, could trigger AP bursts which in turn strengthen synaptic
506 connections between RSC neurons and downstream brain structures. Future work is
507 needed to illuminate how burst-dependent synaptic plasticity can play the dual role of
508 controlling synaptic plasticity (Payeur et al. 2021; Greedy et al. 2022; N. A. Richards et

509 al. 2019) while also acting as a form of efficient, context-depending communication
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510 between brain structures as we show here (Krahe and Gabbiani 2004, Bialek et al. 1991;
511 Bair et al. 1994).

512 Investigating dendritic computation in awake behaving animals is currently limited
513 by a number of serious technical and experimental challenges (Francioni and Harnett
514 2021). The modeling approach we used here has successfully demonstrated complex
515 encoding schemes in the past (Kaifosh and Losonczy 2016; Williams et al. 2021; Payeur
516 etal. 2021; Bicknell and Hausser 2021) and may prove an advantageous complementary
517 avenue to investigate the contribution of dendritic computations during behavior.

518 Overall, we demonstrate how individual neurons shift their encoding priorities from
519 self-centered to world-centered in our landmark navigation task. These codes remain
520 stable while animals repeatedly execute the same task over multiple days but significantly
521 change their activity patterns in a different behavioral context. However, when behavioral
522 and sensory inputs matched in this alternative context, we observed activity reminiscent
523 of that recorded during active navigation. We formulated a mechanistic hypothesis of how
524  sensory information could be integrated by multi-compartment cortical neurons to update
525 downstream internal state representations through bursting. These bursts were critical for
526  output to downstream neurons while being robust to background noise. Our proposed
527 mechanism therefore combines the advantages afforded by rapid and flexible integration
528 sensory stimuli with the robustness of attractor dynamics for the internal representation
529  of behavioral state.

530

531

532
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533 Methods
534

535 Animals and surgeries

536 All animal procedures were carried out in accordance with NIH and Massachusetts
537 Institute of Technology Committee on Animal care guidelines. Male and female mice were
538 singly housed on a 12/12 hr (lights on at 7 am) cycle. Surgical procedures where identical
539 to those in Fischer et.al. 2020. Briefly, C57BL/6 mice aged 7-10 weeks were
540 anaesthetized. A 3.0 mm diameter craniotomy was drilled on the dorsal surface of the
541  skull. AAV1.Syn.GCaMP6f.WPRE.SV40 was injected into the exposed retrosplenial
542  cortex at 4-6 injection sites 1800 - 3400 um caudal of bregma and 350-600 pum lateral to
543 the midline. Recordings were taken directly over the injection sites adjacent to the central
544  sinus. 50-100 nl were injected at each site. After successful injection, a cranial window
545 was placed over RSC and a headplate implanted on the skull.

546

547  Virtual reality setup and behavioral training

548 The same virtual reality setup as described in Fischer et.al. 2020 was used for this study.
549 Mice were head fixed atop a 20 cm polystyrene disc. Two 23.8” computer screens
550 covered the majority of the mouse’s field of view. During virtual navigation, animal
551 movement was translated into visual flow through the virtual environment that was shown
552 on the screens. A lick spout was placed close to the mouse’s mouth such that it could
553 easily touch it by extending its tongue. Recordings were obtained from mouse from day
554 0 of exposure to the landmark navigation task. Prior to behavioral training/recording mice
555 were habituated to head-restraint on the treadmill and with a linear corridor without
556  landmarks.

557

558 Image Registration, ROI detection and ROI matching across days

559 Two-photon imaging was carried as described in Fischer et.al. 2020. In brief, a
560 Neurolabware 2-photon microscope with a 16x objective was used to collect all imaging
561 data. Images were acquired either at 15.5 or 31.0 Hz using am excitation wavelength
562 between 920 and 980 nm. Frames of the raw video data were registered, and putative

563 neurons (regions of interest or ROIs) were detected using the CalmAn software package
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564  (Giovannucci et al. 2019). ROIs were subsequently manually curated to remove dendrites
565 or other, non-soma ROIs. Individual neurons from a subset of recorded fields of view
566 (FOV) were tracked across sessions to analyze their activity patterns over the course of
567 learning. In order to do so, one FOV from each animal after it had robustly learned the
568 task (Task score > 20 cm) was used as a reference session. The mask of detected ROls
569 for any two sessions was then overlaid and coarsely aligned if necessary. This was
570 followed by applying the CellReg algorithm to determine if two ROIs are the same neuron
571 base on centroid distance and spatial footprint (Sheintuch et al. 2017). Supplementary
572  figure 2 shows this process for three FOVs. This process was repeated until each session
573 of a given animal was matched to the reference session. Neurons considered ‘tracked
574  neurons’ are those that have been matched between any given session and the reference
575 session. For the analyses shown in figure 2, the same neurons were tracked over three
576  sessions. This was done by overlaying the ROl masks and selecting ROIs that could be
577 matched across all three sessions.

578

579 GLM

580 We used a generalized linear model to identify which variables each neuron was encoding
581 throughout training. We created two broad categories of predictors: self-centered and
582 landmark-centered. Self-centered predictors consisted of: Running speed (linear) and
583 categorical (running/not running) with a threshold of 1 cm/sec. Trials starts were captured
584 by 3 Gaussians (standard deviation of 0.25 sec.) offset from the trial start to capture neural
585 activity that is related to the trial start but delayed in terms of fluorescence increase.
586 Landmark-referenced predictors consisted of a series of Gaussians covering the entire
587 virtual corridor. Each landmark had its own set of landmark-referenced predictors. We fit
588 the model on calcium fluorescent data using elastic net regression using the glmnet
589 package (Friedman, Hastie, and Tibshirani 2010) with a=0.5. Only neurons that our model
590 fit reasonably well (explained variance > 25%) were included for GLM analyses in Fig. 1.
591 For cross-validation we held out 1 trial and fit to the others. We repeated this until each
592 trial was held out once. We calculated an R? value (explained variance) to evaluate the
593 fit quality of our GLM model by calculating the difference between the predicted and true

594  calcium signal on held out data:
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595
af
596 Dmodel =2x Z df * log df - (df - dfpred) (1)
pred
df
597 Dt =2+ ) df *10g (—=—) = (df = dfpuad) @
fnull
D
598 r2 =1— —mode 3)
null
599

600 Where df is the average activity of the neuron on the held out trial, dfpred is the predicted
601  activity and dfnur is the average activity of that neuron on that trial. R? was calculated only
602 on activity in-between trial start and reward delivery. We determined the fraction of
603 landmark-referenced vs. self-referenced encoding by calculating the sum of all absolute
604 landmark-referenced coefficient weights divided by the sum of absolute landmark-
605 referenced and self-referenced coefficient weights.

606 We quantified the explained variance of landmark-referenced of self-referenced
607 coefficients by first fitting the full model but predict activity with either one or the other set
608  of predictors set to 0. This way, only activity captured by the respective coefficients was
609 used for the prediction. Explained variance was calculated as described above.

610

611 Bayesian location decoding

612 We used a Bayesian decoder to estimate the animal’s position on the track based on
613 neural data alone (Davidson, Kloosterman, and Wilson 2009; Mao et al. 2018). Briefly,
614  spatial tuning curves for each neuron were constructed using one of two methods: 1) In
615 experiments where we analyzed precision of the spatial code during virtual navigation
616  (Fig. 1) every other trial in a session was used to construct the tuning curves. Activity on
617 the other half of trials was used to decode animal position. 2) In experiments that analyzed
618  how well we could reconstruct animal position during visuo-motor mismatch trials, all trials
619 during virtual navigation were used to construct tuning curves while trials during visuo-
620 motor mismatch were used for location estimation.

621 Location and activity data were binned into 2.5 cm and 0.25 sec. bins, respectively. For
622 each time bin, the probability density function across all location bins on the track was

623 calculated. The reconstructed position was defined as the location with the highest
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624  probability in a given time bin. The overall decoding error for a trial was calculated as the
625 median difference between the decoded location and the animal’s actual location. The

626  probability density functions were calculated as described in (Mao et al. 2018):
627 p (loc| (4) ) — C(TY, £, (loc)™)e 7 Eiea Filtoc)
pop

628  Where fj is the spatial tuning for neuron i, N is the total number of neurons, n; is the

629  activity of neuron i at the respective time bin (calculated as the average value of all
630 datapoints within that time bin) and T is the time bin size.

631

632  Cross-day cross-correlation analysis

633 To evaluate the stability of landmark-referenced codes we cross correlated activity over
634  subsequent recording sessions. To do so, we excised neural activity in the black-box
635 between trials and concatenated the remaining calcium fluorescence trace. The resulting
636 traces, one from each recording session, where then shifted relative to each other with a
637 maximum lag of 800 seconds. The maximum cross correlation value was used for further
638 analysis. To create null-distributions for each neuron, we randomly rotated neural activity
639 in one of the sessions for each trial independently. The cross correlation for the null
640 distribution was thus calculated from a non-rotated first session, and a rotated second
641  session.

642

643  Visuo-motor mismatch analysis

644  We calculated visuo-motor mismatch by subtracting the visual flow speed of 30 cm/sec
645 from the animal running speed. Each visuo-motor mismatch session consisted of 10
646 cm/sec and 30 cm/sec flow speed sessions. However, here we only used 30 cm/sec trials
647 as these were closer to the animals average running speed and thus gave us better
648 sampling of a range above and below that speed. Before relating flow speed to neural
649 activity, we removed the linear speed component. We did this by fitting a robust linear
650 regression (scipy.stats.siegelslopes) to fluorescence data as a function of running speed.
651 We then subtracted the corresponding amount from each datapoint. For the following
652  analysis we calculated the average running speed on a trial and subtracted the visual flow

653 speed to determine ASpeed. To determine the maximum response across all neurons
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654 and trials, we evaluated dF/F for each trial as a function of ASpeed and fit a 2"9 order
655  polynomial (numpy.polyfit).

656

657 2-compartment model

658 Variables and parameters are defined in the tables below.

659

660 Landmark cells are simulated with a two-compartment model developed by Naud and

661  Sprekeler 2018). The dynamics of the somatic compartment are

662
d
dt T Cs
(s) (s)
dw; W; (s) «(5)
664 Tl NO +by°S; (6)
665

666  whereas the dynamics of the dendritic compartment are

667
@ v @ g gof (V) +cak (- )+ 1P+ w®
668 — = — + (7)
dt Ta Cd
d d d
dwi(d) _Wi( ) + a\(/v)(Vl( ) _ EL)
669 = (8)
dt (@
w
670
671  The voltages Vi(s) and Vi(d) are initialized to -70mV, whereas wi(s) and wi(d) are initialized
672 to 0. The function f is defined as f(x) = %Ed and K is a rectangular kernel with an
1+e Da

673 amplitude of 1 between 0.5 ms and 2.5 ms. The neuron spikes when Vi(s) reaches V; =

674 —50mV, after which V. is reset to -70mV.

675
(s) _

i

676  The input current to the somatic compartment of a landmark neuron is given by I

677 1 + ] _%(xm(;)ﬂi)z I(S,bg) The | . h (s) (s,bg) imized
base T Imax€ o + [ . e locations y; where I, — I is maximized are
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678 selected from a Gaussian distribution centered at 220 cm with a standard deviation of 30

679 cm. The input current to the dendritic compartment of a landmark neuron is Ii(d) =

680 I(d'w")+li(d’bg). The current (<M s calculated as @M = max(1 — |(Vimouse —

681  vyr)/vyrl, 0) * I%,,. Both background currents Ii(s’bg) and Ii(d’bg) are modelled with an
. . arb9 P9 . .
682  Ornstein-Uhlenbeck process with a mean of 0: —— = —1—+ o9y, where n is white
bg
683  noise.
684

685 In the somatic inputs only condition (no inputs to dendrites), the somatic compartment

_1(xm=ip)?
686 receives an input of I = I, + Lyaxe (m ) +Ii(s'bg) + 14" and the dendritic

687 compartment has an input of Il.(d) = Il.(d'bg).

688
689 The continuous attractor is modeled as a reduced, low-dimensional model of a line
690 attractor (Ocko et al. 2018). Velocity inputs move the peak of the activity bump x,;; in

691  proportion to the mouse’s velocity v(t):

692

Axgee _ (9)
693 Prak v(t)
694

695  Spiking from landmark neurons can also move x,;;. Spikes from landmark neurons are

696  convoluted with an exponential filter:

t—t?)
697 s; = Z e 10 (10)

tfs)

698
699 The resulting aggregated value generated by spiking multiplied by a sigmoidal function

700 as follows: (11)
o 2.5

701 sl =5 T

702
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f

703  The resulting force s; moves the activity bump moves towards the landmark cell’s

704  receptive field center:

dx
705 d—‘;tt = ws{ (u; — Xare) (12)

706  The initial location of x,;; is determined by averaging the mouse’s starting location over
707 the trials. w is a normalization factor calculated as 1/number of simulated neurons. For
708 each ftrial, the mouse’s velocity v(t) is determined by cutting out timesteps where the
709 mouse’s recorded velocity exceeds 1 m/s and fitting a function to the data with linear
710 interpolation. Unless otherwise stated, each simulation consists of 100 trials using 100
711  neurons.

712
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713
Variable Description
Vi(s) Voltage of somatic compartment for the i landmark cell
Wi(S) Adaptive current for somatic compartment of the i landmark cell
Si(s) Spike train of the i"" landmark cell
Vi(d) Voltage of dendritic compartment for the i landmark cell
tF) Spike times of the i" landmark cell
Wi(d) Adaptive current for dendritic compartment of the i™" landmark cell
Ii(S) Input current to somatic compartment of the i landmark cell
Il.(d) Input current to dendritic compartment of the i" landmark cell
Xm Mouse location
W Location of peak current of i landmark cell
Ii(s'bg) Background input to somatic compartment of i"" landmark cell
Il_(d'wh) Input to the dendritic compartment of i" landmark cell from the

coherence signal

Ii(d'bg) Background input to dendritic compartment of i landmark cell
o9 Parameter for Ornstein-Uhlenbeck process for background noise
Xt Location of the peak of the steady state activity bump on the attractor
v(t) Mouse velocity
S; Activity of i"" landmark cell
St Threshold value for gating force from landmark neurons to attractor
fi Force applied to attractor

714  Table 1: Variable descriptions for model and simulations.
715
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Parameter Value
E, -70 mV
Js 1300 pA
T 16 ms
C, 370 pF
& 100 ms
b -200 pA
Ja 1200 pA
Ca 2600 pA
Tgq 7 ms
Cy 170 pF
a'® -13nS
ng) 30 ms
E; -38 mV
D4 6 mV
Vr -50 mV
Ipase 250 pA
Imax 800 pA
oW 5
19 s 150 pA
St 1.75 a.u.

716  Table 2: Model parameters and set values.

717

718
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719  Single compartment model
720 The single compartment model was based on the 2-compartment model but without the

721  dendritic compartment. The dynamics of the compartment are:

722
av®  v®-E FuP)+wS
723 —=—— +— ‘ 13
dt T Cy (13)
dw® w®
724 T o b$s® (14)
w

725 where the function F is defined to be

726
F(x) = >
728

729 inthe supralinear case, and F(x) = x otherwise. The somatic compartment receives an

_1(Xm=i)?
730 input of I = Iyase + Lyaxe (o) + 5P 4 (@b j(dcoh)

731
732  The variables are as described in Table 1, with the addition of parameters S;, S and S,
733  describing the supralinear integration. For the simulations in supplementary figure 7, the
734  following parameter values were used:

Y 2000 pA
Sr 1000 pA
So 10

735 Table 3: Model parameters and set values for single compartment models.
736
737

31


https://doi.org/10.1101/2024.08.18.607457
http://creativecommons.org/licenses/by-nc/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2024.08.18.607457; this version posted August 19, 2024. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under aCC-BY-NC 4.0 International license.

738 Reference

739
740 Alexander, A S, and D A Nitz. 2015. “Retrosplenial Cortex Maps the Conjunction of

741 Internal and External Spaces.” Nature Neuroscience 18 (8): 1143-51.

742 https://doi.org/10.1038/nn.4058.

743 . 2017. “Spatially Periodic Activation Patterns of Retrosplenial Cortex Encode
744 Route Sub-Spaces and Distance Traveled.” Current Biology 27 (11): 1551-1560.€e4.
745 https://doi.org/10.1016/j.cub.2017.04.036.

746  Angelaki, D E, and J Laurens. 2020. “The Head Direction Cell Network: Attractor

747 Dynamics, Integration within the Navigation System, and Three-Dimensional

748 Properties.” Current Opinion in Neurobiology 60: 136—44.

749 https://doi.org/10.1016/j.conb.2019.12.002.

750 Auger, S D, S L Mullally, and E A Maguire. 2012. “Retrosplenial Cortex Codes for

751 Permanent Landmarks.” PLoS ONE 7 (8).

752 https://doi.org/10.1371/journal.pone.0043620.

753  Ayaz, Asli, Andreas Stauble, Morio Hamada, Marie Angela Wulf, Aman B. Saleem, and
754 Fritjof HelImchen. 2019. “Layer-Specific Integration of Locomotion and Sensory
755 Information in Mouse Barrel Cortex.” Nature Communications 10 (1): 1-14.

756 https://doi.org/10.1038/s41467-019-10564-8.

757  Bair, Wyeth, Christof Koch, William Newsome, and Kenneth Britten. 1994. “Power

758 Spectrum Analysis of Bursting Cells in Area MT in the Behaving Monkey.” Journal
759 of Neuroscience 14 (5 1): 2870-92. https://doi.org/10.1523/jneurosci.14-05-

760 02870.1994.

761  Beaulieu-Laroche, Lou, Enrique H.S. Toloza, Norma J. Brown, and Mark T. Harnett.
762 2019. “Widespread and Highly Correlated Somato-Dendritic Activity in Cortical
763 Layer 5 Neurons.” Neuron 103 (2): 235-241.e4.

764 https://doi.org/10.1016/j.neuron.2019.05.014.

765  Bialek, William, Fred Rieke, Rob R. de Ruyter van Steveninck, and David Warland.
766 1991. “Reading a Neural Code.” Science 252 (5014): 1854-57.

767 https://doi.org/10.1126/science.2063199.

768  Bicanski, A, and N Burgess. 2016. “Environmental Anchoring of Head Direction in a

32


https://doi.org/10.1101/2024.08.18.607457
http://creativecommons.org/licenses/by-nc/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2024.08.18.607457; this version posted August 19, 2024. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under aCC-BY-NC 4.0 International license.

769 Computational Model of Retrosplenial Cortex.” Journal of Neuroscience 36 (46):
770 11601-18. https://doi.org/10.1523/JINEUROSCI.0516-16.2016.

771  Bicknell, Brendan A., and Michael Hausser. 2021. “A Synaptic Learning Rule for

772 Exploiting Nonlinear Dendritic Computation.” Neuron 109 (24): 4001-4017.e10.
773 https://doi.org/10.1016/j.neuron.2021.09.044.

774  Biro, D, R Freeman, J Meade, S Roberts, and T Guilford. 2007. “Pigeons Combine
775 Compass and Landmark Guidance in Familiar Route Navigation.” Proceedings of
776 the National Academy of Sciences of the United States of America 104 (18): 7471—
777 76. https://doi.org/10.1073/pnas.0701575104.

778 Burak, Y, and | R Fiete. 2009. “Accurate Path Integration in Continuous Attractor

779 Network Models of Grid Cells.” PLoS Computational Biology 5 (2): e1000291.

780 https://doi.org/10.1371/journal.pcbi.1000291.

781 Campbell, M G, S A Ocko, C S Mallory, |1 C Low, S Ganguli, and L M Giocomo. 2018.
782 “Principles Governing the Integration of Landmark and Self-Motion Cues in

783 Entorhinal Cortical Codes for Navigation.” Nature Neuroscience 21 (8): 1096-1106.
784 https://doi.org/10.1038/s41593-018-0189-y.

785  Carandini, M, and A K Churchland. 2013. “Probing Perceptual Decisions in Rodents.”
786 Nature Neuroscience 16 (7): 824-31. https://doi.org/10.1038/nn.3410.

787 Chan, E, O Baumann, M A Bellgrove, and J B Mattingley. 2012. “From Obijects to

788 Landmarks: The Function of Visual Location Information in Spatial Navigation.”
789 Frontiers in Psychology 3 (AUG): 1-11. https://doi.org/10.3389/fpsyg.2012.00304.
790 Cooper, B G, and S J Y Mizumori. 1999. “Retrosplenial Cortex Inactivation Selectively
791 Impairs Navigation in Darkness.” NeuroReport 10 (3): 625-30.

792 https://doi.org/10.1097/00001756-199902250-00033.

793 . 2001. “Temporary Inactivation of the Retrosplenial Cortex Causes a Transient
794 Reorganization of Spatial Coding in the Hippocampus.” The Journal of

795 Neuroscience : The Official Journal of the Society for Neuroscience 21 (11): 3986—
796 4001.

797 Davidson, B J, F Kloosterman, and M A Wilson. 2009. “Hippocampal Replay of

798 Extended Experience.” Neuron 63 (4): 497-507.

799 https://doi.org/10.1016/j.neuron.2009.07.027.

33


https://doi.org/10.1101/2024.08.18.607457
http://creativecommons.org/licenses/by-nc/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2024.08.18.607457; this version posted August 19, 2024. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under aCC-BY-NC 4.0 International license.

800 Diamanti, M E, C B Reddy, S Schrdder, T Muzzu, K Harris, A B Saleem, and M

801 Carandini. 2019. “Spatial Modulation of Visual Signals Arises in Cortex with Active
802 Navigation,” 1-15. https://doi.org/10.1101/832915.

803 Elduayen, C, and E Save. 2014. “The Retrosplenial Cortex Is Necessary for Path

804 Integration in the Dark.” Behavioural Brain Research 272 (October): 303-7.

805 https://doi.org/10.1016/j.bbr.2014.07.009.

806 Epstein, R A. 2008. “Parahippocampal and Retrosplenial Contributions to Human

807 Spatial Navigation.” Trends in Cognitive Sciences 12 (10): 388-96.

808 https://doi.org/10.1016/}.tics.2008.07.004.

809 Epstein, R A, E Z Patai, J B Julian, and H J Spiers. 2017. “The Cognitive Map in

810 Humans: Spatial Navigation and Beyond.” Nature Neuroscience 20 (11): 1504-13.
811 https://doi.org/10.1038/nn.4656.

812 Etienne, A S, V Boulens, R Maurer, T Rowe, and C Siegrist. 2000. “A Brief View of

813 Known Landmarks Reorientates Path Integration in Hamsters.”

814 Naturwissenschaften 87 (11): 494-98. https://doi.org/10.1007/s001140050766.
815 Etienne, A S, R Maurer, and V Séguinot. 1996. “Path Integration in Mammals and Its
816 Interaction with Visual Landmarks.” The Journal of Experimental Biology 199 (Pt 1):
817 201-9. http://www.ncbi.nlm.nih.gov/pubmed/11769306.

818 Evans, D A, V A Stempel, R Vale, S Ruehle, Y Lefler, and T Branco. 2018. “A Synaptic
819 Threshold Mechanism for Computing Escape Decisions.” Nature, June.

820 https://doi.org/10.1038/s41586-018-0244-6.

821 Evans, T, A Bicanski, D Bush, and N Burgess. 2016. “How Environment and Self-

822 Motion Combine in Neural Representations of Space.” The Journal of Physiology
823 594 (22): 6535-46. https://doi.org/10.1113/JP270666.

824 Ferguson, K A, and J A Cardin. 2020. “Mechanisms Underlying Gain Modulation in the
825 Cortex.” Nature Reviews Neuroscience. https://doi.org/10.1038/s41583-019-0253-
826 y.

827  Fischer, L F, R Mojica Soto-Albors, F Buck, and M T Harnett. 2020. “Representation of
828 Visual Landmarks in Retrosplenial Cortex.” ELife 9: 811430.

829 https://doi.org/10.7554/eLife.51458.

830 Fisek, Mehmet, Dustin Herrmann, Alexander Egea-Weiss, Matilda Cloves, Lisa Bauer,

34


https://doi.org/10.1101/2024.08.18.607457
http://creativecommons.org/licenses/by-nc/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2024.08.18.607457; this version posted August 19, 2024. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under aCC-BY-NC 4.0 International license.

831 Tai Ying Lee, Lloyd E. Russell, and Michael Hausser. 2023. “Cortico-Cortical

832 Feedback Engages Active Dendrites in Visual Cortex.” Nature 617 (7962): 769-76.
833 https://doi.org/10.1038/s41586-023-06007-6.

834  Francioni, V, and M T Harnett. 2021. “Rethinking Single Neuron Electrical

835 Compartmentalization: Dendritic Contributions to Network Computation In Vivo.”
836 Neuroscience. https://doi.org/10.1016/j.neuroscience.2021.05.038.

837  Francioni, V, Z Padamsey, and N L Rochefort. 2019. “High and Asymmetric Somato-
838 Dendritic Coupling of v1 Layer 5 Neurons Independent of Visual Stimulation and
839 Locomotion.” ELife 8: 1-25. https://doi.org/10.7554/eLife.49145.

840 Friedman, J, T Hastie, and R Tibshirani. 2010. “Regularization Paths for Generalized
841 Linear Models via Coordinate Descent.” https://www.jstatsoft.org/v33/i01/.

842  Giovannucci, A, J Friedrich, P Gunn, J Kalfon, B L Brown, S A Koay, J Taxidis, et al.
843 2019. “CalmAn an Open Source Tool for Scalable Calcium Imaging Data Analysis.”
844 ELife 8: 1-45. https://doi.org/10.7554/eLife.38173.

845 Gothard, KM, and W E Skaggs. 1996. “Binding of Hippocampal CA1 Neural Activity to
846 Multiple Reference Frames in a Landmark-Based Navigation Task.” The Journal of
847 ... 16 (2): 823-35. http://psycnet.apa.org/psycinfo/1996-93738-003.

848 Gothard, KM, W E Skaggs, and B L McNaughton. 1996. “Dynamics of Mismatch

849 Correction in the Hippocampal Ensemble Code for Space: Interaction between

850 Path Integration and Environmental Cues.” J. Neurosci. 16 (24): 8027-40.

851 http://www.jneurosci.org.ezproxy.is.ed.ac.uk/content/16/24/8027.long.

852  Greedy, Will, Heng Wei Zhu, Joseph Pemberton, Jack Mellor, and Rui Ponte Costa.
853 2022. “Single-Phase Deep Learning in Cortico-Cortical Networks.” In Advances in
854 Neural Information Processing Systems. Vol. 35.

855 Haider, B, D P A Schulz, M Hausser, and M Carandini. 2016. “Millisecond Coupling of
856 Local Field Potentials to Synaptic Currents in the Awake Visual Cortex.” Neuron 90
857 (1): 35-42. https://doi.org/10.1016/j.neuron.2016.02.034.

858 Hardcastle, K, S Ganguli, and L M Giocomo. 2015. “Environmental Boundaries as an
859 Error Correction Mechanism for Grid Cells.” Neuron 86 (3): 827-39.

860 https://doi.org/10.1016/j.neuron.2015.03.039.

861 Harris, KD, and T D Mrsic-Flogel. 2013. “Cortical Connectivity and Sensory Coding.”

35


https://doi.org/10.1101/2024.08.18.607457
http://creativecommons.org/licenses/by-nc/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2024.08.18.607457; this version posted August 19, 2024. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under aCC-BY-NC 4.0 International license.

862 Nature 503 (7474): 51-58. https://doi.org/10.1038/nature12654.

863 Harvey, C D, P Coen, and D W Tank. 2012. “Choice-Specific Sequences in Parietal
864 Cortex during a Virtual-Navigation Decision Task.” Nature 484 (7392): 62—68.

865 https://doi.org/10.1038/nature10918.

866 Jacob, PY, G Casali, L Spieser, H Page, D Overington, and K J Jeffery. 2017. “An

867 Independent, Landmark-Dominated Head-Direction Signal in Dysgranular

868 Retrosplenial Cortex.” Nature Neuroscience 20 (2): 173-75.

869 https://doi.org/10.1038/nn.4465.

870 Jeffery, K J. 1998. “Learning of Landmark Stability and Instability by Hippocampal Place
871 Cells.” Neuropharmacology 37 (4-5): 677-87.

872 http://www.ncbi.nlm.nih.gov/pubmed/9705005.

873 Julian, J B, A T Keinath, S A Marchette, and R A Epstein. 2018. “The Neurocognitive
874 Basis of Spatial Reorientation.” Current Biology 28 (17): R1059-73.

875 https://doi.org/10.1016/j.cub.2018.04.057.

876  Kaifosh, P, and A Losonczy. 2016. “Mnemonic Functions for Nonlinear Dendritic

877 Integration in Hippocampal Pyramidal Circuits.” Neuron 90 (3): 622—-34.

878 https://doi.org/10.1016/j.neuron.2016.03.019.

879 Keller, G B, and T D Mrsic-flogel. 2018. “Predictive Processing: A Canonical Cortical
880 Computation.” Neuron 100 (2): 424-35.

881 https://doi.org/10.1016/j.neuron.2018.10.003.

882  Knierim, J J, H Kudrimoti, and B L McNaughton. 1998. “Interactions between Idiothetic
883 Cues and External Landmarks in the Control of Place Cells and Head Direction
884 Cells.” Journal of ..., 425-46.

885 http://krieger.jhu.edu/mbi/knierimlab/publications/Ideotheticcuesandexternallandmar
886 ks.pdf.

887 Knight, R T, C E Piette, H Page, F Walters, E Marozzi, M Nardini, S M Stringer, and K J
888 Jeffery. 2014. “Weighted Cue Integration in the Rodent Head Direction System.”
889 Philosophical Transactions of the Royal Society B: Biological Sciences 369 (1635):
890 20120512. https://doi.org/10.1098/rstb.2012.0512.

891 Krahe, Rudiger, and Fabrizio Gabbiani. 2004. “Burst Firing in Sensory Systems.” Nature
892 Reviews Neuroscience 5 (1): 13-23. https://doi.org/10.1038/nrn1296.

36


https://doi.org/10.1101/2024.08.18.607457
http://creativecommons.org/licenses/by-nc/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2024.08.18.607457; this version posted August 19, 2024. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under aCC-BY-NC 4.0 International license.

893 Lafourcade, M, M-S H van der Goes, D Vardalaki, N J Brown, J Voigts, D H Yun, M E

894 Kim, T Ku, and M T Harnett. 2022. “Differential Dendritic Integration of Long-Range
895 Inputs in Association Cortex via Subcellular Changes in Synaptic AMPA-to-NMDA
896 Receptor Ratio.” Neuron, 1-15. https://doi.org/10.1016/j.neuron.2022.01.025.

897 Larkum, M E. 2013. “A Cellular Mechanism for Cortical Associations: An Organizing
898 Principle for the Cerebral Cortex.” Trends in Neurosciences 36 (3): 141-51.

899 https://doi.org/10.1016/}.tins.2012.11.006.

900 Larkum, M E, K M Kaiser, and B Sakmann. 1999. “Calcium Electrogenesis in Distal
901 Apical Dendrites of Layer 5 Pyramidal Cells at a Critical Frequency of Back-

902 Propagating Action Potentials.” Proceedings of the National Academy of Sciences
903 of the United States of America 96 (25): 14600—-604.

904 http://www.ncbi.nlm.nih.gov/pubmed/10588751%0Ahttp://www.pubmedcentral.nih.g
905 ov/articlerender.fcgi?artid=PMC24482.

906 Leinweber, M, D R Ward, J M Sobczak, A Attinger, and G B Keller. 2017. “A

907 Sensorimotor Circuit in Mouse Cortex for Visual Flow Predictions.” Neuron 95 (6):
908 1420-1432.e5. https://doi.org/10.1016/j.neuron.2017.08.036.

909 London, M, and M Hausser. 2005. “Dendritic Computation.” Annual Review of

910 Neuroscience 28 (January): 503-32.

911 https://doi.org/10.1146/annurev.neuro.28.061604.135703.

912 Maguire, E A. 2001. “The Retrosplenial Contribution to Human Navigation: A Review of
913 Lesion and Neuroimaging Findings.” Scandinavian Journal of Psychology 42 (3):
914 225-38. https://doi.org/10.1111/1467-9450.00233.

915 Manita, S, T Suzuki, C Homma, T Matsumoto, M Odagawa, K Yamada, K Ota, et al.
916 2015. “A Top-Down Cortical Circuit for Accurate Sensory Perception.” Neuron 86
917 (5): 1304-16. https://doi.org/10.1016/j.neuron.2015.05.006.

918 Mante, V, D Sussillo, KV Shenoy, and W T Newsome. 2013. “Context-Dependent

919 Computation by Recurrent Dynamics in Prefrontal Cortex.” Nature 503 (7474): 78—
920 84. https://doi.org/10.1038/nature12742.

921 Mao, D, S Kandler, B L McNaughton, and V Bonin. 2017. “Sparse Orthogonal

922 Population Representation of Spatial Context in the Retrosplenial Cortex.” Nature
923 Communications 8 (1): 243. https://doi.org/10.1038/s41467-017-00180-9.

37


https://doi.org/10.1101/2024.08.18.607457
http://creativecommons.org/licenses/by-nc/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2024.08.18.607457; this version posted August 19, 2024. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under aCC-BY-NC 4.0 International license.

924 Mao, D, L A Molina, V Bonin, and B L McNaughton. 2020. “Vision and Locomotion

925 Combine to Drive Path Integration Sequences in Mouse Retrosplenial Cortex.”

926 Current Biology, 1-9. https://doi.org/10.1016/j.cub.2020.02.070.

927 Mao, D, A R Neumann, J Sun, V Bonin, M H Mohajerani, and B L McNaughton. 2018.
928 “‘Hippocampus-Dependent Emergence of Spatial Sequence Coding in Retrosplenial
929 Cortex.” Proceedings of the National Academy of Sciences of the United States of
930 America 115 (31): 8015-18. https://doi.org/10.1073/pnas.1803224115.

931 McNaughton, B L, C A Barnes, J L Gerrard, K M Gothard, M W Jung, J J Knierim, H

932 Kudrimoti, et al. 1996. “Deciphering the Hippocampal Polyglot: The Hippocampus
933 as a Path Integration System.” The Journal of Experimental Biology 199 (Pt 1):

934 173-85. http://www.ncbi.nim.nih.gov/pubmed/8576689.

935 Moser, E I, E Kropff, and MB Moser. 2008. “Place Cells, Grid Cells, and the Brain’s

936 Spatial Representation System.” Annual Review of Neuroscience 31 (January): 69—
937 89. https://doi.org/10.1146/annurev.neuro.31.061307.090723.

938 Muller, R U, and J L Kubie. 1987. “The Effects of Changes in the Environment on the
939 Spatial Firing of Hippocampal Complex-Spike Cells.” J Neurosci 7 (July).

940 http://www.researchgate.net/publication/19550157_The_effects_of changes_in_th
941 e_environment_on_the_spatial_firing_of_hippocampal_complex-

942 spike_cells/file/d912f50c0b9519ca49.pdf.

943  Musall, Simon, Matthew T. Kaufman, Ashley L. Juavinett, Steven Gluf, and Anne K.

944 Churchland. 2019. “Single-Trial Neural Dynamics Are Dominated by Richly Varied
945 Movements.” Nature Neuroscience 22 (10): 1677-86.

946 https://doi.org/10.1038/s41593-019-0502-4.

947 Naud, R, and H Sprekeler. 2018. “Sparse Bursts Optimize Information Transmission in
948 a Multiplexed Neural Code.” Proceedings of the National Academy of Sciences of
949 the United States of America 115 (27): E6329-38.

950 https://doi.org/10.1073/pnas.1720995115.

951 Niell, C, and M P Stryker. 2010. “Modulation of Visual Responses by Behavioral State in
952 Mouse Visual Cortex.” Neuron 65 (4): 472—79.

953 https://doi.org/10.1016/j.neuron.2010.01.033.

954  Ocko, S A, K Hardcastle, L M Giocomo, and S Ganguli. 2018. “Emergent Elasticity in

38


https://doi.org/10.1101/2024.08.18.607457
http://creativecommons.org/licenses/by-nc/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2024.08.18.607457; this version posted August 19, 2024. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under aCC-BY-NC 4.0 International license.

955 the Neural Code for Space.” Proceedings of the National Academy of Sciences of
956 the United States of America 115 (50): E11798-806.

957 https://doi.org/10.1073/pnas.1805959115.

958 Page, H, and K J Jeffery. 2018. “Landmark-Based Updating of the Head Direction

959 System by Retrosplenial Cortex: A Computational Model.” Frontiers in Cellular
960 Neuroscience 12 (July): 1-17. https://doi.org/10.3389/fncel.2018.00191.

961 Pakan,J M P, S P Currie, L F Fischer, and N L Rochefort. 2018. “The Impact of Visual
962 Cues, Reward, and Motor Feedback on the Representation of Behaviorally

963 Relevant Spatial Locations in Primary Visual Cortex.” Cell Reports 24 (10): 2521—
964 28. https://doi.org/10.1016/j.celrep.2018.08.010.

965 Pakan,JM P, S C Lowe, E Dylda, S W Keemink, S P Currie, C A Coutts, and N L

966 Rochefort. 2016. “Behavioral-State Modulation of Inhibition Is Context-Dependent
967 and Cell Type Specific in Mouse Visual Cortex.” ELife 5 (12): 7250-57.

968 https://doi.org/10.7554/eLife.14985.

969 Palmer, L M, A’ S Shai, J E Reeve, H L Anderson, O Paulsen, and M E Larkum. 2014.
970 “NMDA Spikes Enhance Action Potential Generation during Sensory Input.” Nature
971 Neuroscience 17 (3): 383—-90. https://doi.org/10.1038/nn.3646.

972  Payeur, A, J Guerguiev, F Zenke, B A Richards, and R Naud. 2021. “Burst-Dependent
973 Synaptic Plasticity Can Coordinate Learning in Hierarchical Circuits.” Nature

974 Neuroscience 24 (JulY). https://doi.org/10.1038/s41593-021-00857-X.

975 Poirazi, P, and A Papoutsi. 2020. “llluminating Dendritic Function with Computational
976 Models.” Nature Reviews Neuroscience. https://doi.org/10.1038/s41583-020-0301-
977 7.

978 Quian Quiroga, R, and S Panzeri. 2009. “Extracting Information from Neuronal

979 Populations: Information Theory and Decoding Approaches.” Nature Reviews.
980 Neuroscience 10 (3): 173-85. https://doi.org/10.1038/nrn2578.

981 Ranganathan, G N, P F Apostolides, M T Harnett, N L Xu, S Druckmann, and J C
982 Magee. 2018. “Active Dendritic Integration and Mixed Neocortical Network

983 Representations during an Adaptive Sensing Behavior.” Nature Neuroscience 21
984 (11): 1583-90. https://doi.org/10.1038/s41593-018-0254-6.

985 Rao, RPN, and D H Ballard. 1999. “Hierarchical Predictive Coding Model Hierarchical

39


https://doi.org/10.1101/2024.08.18.607457
http://creativecommons.org/licenses/by-nc/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2024.08.18.607457; this version posted August 19, 2024. The copyright holder for this preprint

(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made

986
987
988
989
990
991
992
993
994
995
996
997
998
999
1000
1001
1002
1003
1004
1005
1006
1007
1008
1009
1010
1011
1012
1013
1014
1015
1016

available under aCC-BY-NC 4.0 International license.

Predictive Coding of Natural Images.” Nature Neuroscience 2 (1): 79.
http://neurosci.nature.com.

Remington, E D, D Narain, E A Hosseini, and M Jazayeri. 2018. “Flexible Sensorimotor
Computations through Rapid Reconfiguration of Cortical Dynamics.” Neuron 98 (5):
1005-1019.e5. https://doi.org/10.1016/j.neuron.2018.05.020.

Richards, B A, and T P Lillicrap. 2019. “Dendritic Solutions to the Credit Assignment
Problem.” Current Opinion in Neurobiology 54: 28—36.
https://doi.org/10.1016/j.conb.2018.08.003.

Richards, N A, T P Lillicrap, P Beaudoin, Y Bengio, R Bogacz, A Christensen, C
Clopath, et al. 2019. “A Deep Learning Framework for Neuroscience.” Nature
Neuroscience 22 (11): 1761-70. https://doi.org/10.1038/s41593-019-0520-2.

Saleem, A B, M E Diamanti, J Fournier, K D Harris, and M Carandini. 2018. “Coherent
Encoding of Subjective Spatial Position in Visual Cortex and Hippocampus.” Nature
562 (7725): 124-27. https://doi.org/10.1038/s41586-018-0516-1.

Save, E, and B Poucet. 2000. “Involvement of the Hippocampus and Associative
Parietal Cortex in the Use of Proximal and Distal Landmarks for Navigation.”
Behavioural Brain Research 109 (2): 195-206. https://doi.org/10.1016/S0166-
4328(99)00173-4.

Save, Etienne, Ludek Nerad, and Bruno Poucet. 2000. “Contribution of Multiple Sensory
Information to Place Field Stability in Hippocampal Place Cells.” Hippocampus 10
(1): 64—76. https://doi.org/10.1002/(SICI)1098-1063(2000)10:1<64::AlID-
HIPO7>3.0.CO;2-Y.

Sheintuch, L, A Rubin, N Brande-Eilat, N Geva, N Sadeh, O Pinchasof, and Y Ziv. 2017.
“Tracking the Same Neurons across Multiple Days in Ca2+ Imaging Data.” Cell
Reports 21 (4): 1102-15. https://doi.org/10.1016/j.celrep.2017.10.013.

Smith, D M, J Barredo, and S J Y Mizumori. 2012. “Complimentary Roles of the
Hippocampus and Retrosplenial Cortex in Behavioral Context Discrimination.”
Hippocampus 22 (5): 1121-33. https://doi.org/10.1002/hipo.20958.

Takahashi, N, T G Oertner, P Hegemann, and M E Larkum. 2016. “Active Cortical
Dendrites Modulate Perception.” Science 354 (6319): 1587-90.
https://doi.org/10.1126/science.aah6066.

40


https://doi.org/10.1101/2024.08.18.607457
http://creativecommons.org/licenses/by-nc/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2024.08.18.607457; this version posted August 19, 2024. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under aCC-BY-NC 4.0 International license.

1017 Taube, J S, and H L Burton. 1995. “Head Direction Cell Activity Monitored in a Novel

1018 Environment and during a Cue Conflict Situation.” Journal of Neurophysiology 74
1019 (5): 1953-71. https://doi.org/10.1152/jn.1995.74.5.1953.

1020 Taube, J S, R U Muller, and J B Ranck. 1990. “Head-Direction Cells Recorded from the
1021 Postsubiculum in Freely Moving Rats. Il. Effects of Environmental Manipulations.”
1022 The Journal of Neuroscience 70 (February).

1023 http://www.jneurosci.org/content/10/2/436.short.

1024 Tran-Van-Minh, A, R D Cazé, T Abrahamsson, L Cathala, B S Gutkin, and D A

1025 DiGregorio. 2015. “Contribution of Sublinear and Supralinear Dendritic Integration
1026 to Neuronal Computations.” Frontiers in Cellular Neuroscience 9 (January): 67.
1027 https://doi.org/10.3389/fncel.2015.00067.

1028 Ujfalussy, B B, J K Makara, T Branco, and M Lengyel. 2015. “Dendritic Nonlinearities
1029 Are Tuned for Efficient Spike-Based Computations in Cortical Circuits.” ELife 4
1030 (December): €10056. https://doi.org/10.7554/eLife.10056.

1031 Vann, S D, J P Aggleton, and E A Maguire. 2009. “What Does the Retrosplenial Cortex
1032 Do?” Nature Reviews. Neuroscience 10 (11): 792-802.

1033 https://doi.org/10.1038/nrn2733.

1034 Vedder, L C, AM P Miller, M B Harrison, and D M Smith. 2016. “Retrosplenial Cortical
1035 Neurons Encode Navigational Cues, Trajectories and Reward Locations During
1036 Goal Directed Navigation.” Cerebral Cortex, July, 1-11.

1037 https://doi.org/10.1093/cercor/bhw192.

1038 Voigts, J, and M T Harnett. 2020. “Somatic and Dendritic Encoding of Spatial Variables
1039 in Retrosplenial Cortex Differs during 2D Navigation.” Neuron 105 (2): 237-245.e4.
1040 https://doi.org/10.1016/j.neuron.2019.10.016.

1041  Widloski, John, and lla R. Fiete. 2014. “A Model of Grid Cell Development through
1042 Spatial Exploration and Spike Time-Dependent Plasticity.” Neuron 83 (2): 481-95.
1043 https://doi.org/10.1016/j.neuron.2014.06.018.

1044  Williams, E, A Payeur, A Gidon, and R Naud. 2021. “Neural Burst Codes Disguised as
1045 Rate Codes.” Scientific Reports 11 (1): 1-16. https://doi.org/10.1038/s41598-021-
1046 95037-z.

1047 Xu, NL, M T Harnett, S R Williams, D Huber, D H O’Connor, K Svoboda, and J C

41


https://doi.org/10.1101/2024.08.18.607457
http://creativecommons.org/licenses/by-nc/4.0/

1048
1049
1050
1051
1052
1053
1054
1055
1056
1057
1058
1059

bioRxiv preprint doi: https://doi.org/10.1101/2024.08.18.607457; this version posted August 19, 2024. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under aCC-BY-NC 4.0 International license.

Magee. 2012. “Nonlinear Dendritic Integration of Sensory and Motor Input during
an Active Sensing Task.” Nature 492 (7428): 247-51.
https://doi.org/10.1038/nature11601.

Zhang, K. 1996. “Representation of Spatial Orientation by the Intrinsic Dynamics of the
Head-Direction Cell Ensemble: A Theory.” Journal of Neuroscience 16 (6): 2112—
26. https://doi.org/10.1523/jneurosci.16-06-02112.1996.

Zipser, K, V A Lamme, and P H Schiller. 1996. “Contextual Modulation in Primary Visual
Cortex.” Journal of Neuroscience 16 (22): 7376—89.
https://doi.org/10.1523/jneurosci.16-22-07376.1996.

42


https://doi.org/10.1101/2024.08.18.607457
http://creativecommons.org/licenses/by-nc/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2024.08.18.607457; this version posted August 19, 2024. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under aCC-BY-NC 4.0 International license.

1060 Acknowledgements

1061 We thank Enrique Toloza and Jakob Voigts for constructive input on developing the
1062 model, and lla Fiete, Courtney Yaeger, and Raul Mojica for helpful feedback on the
1063  manuscript. This work was supported by the NIH (RO1NS106031), a Klingenstein-

1064  Simons Fellowship, and the NEC Corporation Fund for Research in Computers and
1065 Communications at MIT.

1066

1067

1068 Author Contributions

1069 L.F.F. performed experiments, analyzed data, designed and helped build the model,
1070 made figures, and wrote the manuscript. L.X. helped design and built the model and
1071 also analyzed model data. K.T.M. collected experimental data and assisted with

1072 analysis. M.T.H supervised all aspects of the project and helped write the manuscript.
1073

1074

1075 Competing interests

1076  The authors declare that they have no competing interests.

1077

1078 Data availability

1079 All data needed to evaluate the conclusions in the paper are present in the paper and/or
1080 the Supplementary Materials. Additional data will be deposited in Zenodo upon

1081 acceptance.

1082

1083 Supplementary materials

1084  Supplementary figures 1-9.

1085
1086

1087
1088
1089

43


https://doi.org/10.1101/2024.08.18.607457
http://creativecommons.org/licenses/by-nc/4.0/

