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Abstract 24 

 25 

In rodents, hippocampal activity is classically described in terms of position-anchored place 26 

cells, whereas nonhuman primate work has emphasized spatial view cells, in which activity 27 

depends on the region of space being viewed. This contrast has fueled a longstanding debate 28 

over whether primate and rodent spatial codes are biologically distinct. We recorded single 29 

units in the hippocampus of macaques as they navigated linear tracks in two visually distinct 30 

contexts, intermittently making context-dependent object choices. Using a generalized linear 31 

model to dissociate position coding from spatial view coding, we identified three coexisting 32 

populations in the macaque hippocampus: Position cells, View cells, and Conjunctive cells 33 

encoding both variables. Position cells were prevalent and showed rodent-like properties—34 

localized, stable, directional, context-remapping fields—even after accounting for visual 35 

sampling, whereas View cells stably encoded allocentric visual space. Population decoding 36 

confirmed this dissociation at the ensemble level. Robust position codes thus coexist with 37 

view codes in the primate hippocampus, suggesting that the apparent scarcity of place-like 38 

responses in earlier primate work reflects methodological and task-related differences rather 39 

than a fundamental species-level divergence.  40 
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Introduction 41 

 42 

The hippocampus is fundamentally involved in episodic memory and spatial navigation1,2. 43 

Rodent hippocampal place cells, which fire selectively as an animal traverses specific 44 

locations, led to the influential view that the hippocampus constructs an internal cognitive 45 

map of space. Building on this framework, subsequent work extended cognitive-map-based 46 

models of hippocampal function from rodents to nonhuman primates and humans1,3–6, 47 

shaping a broad research field centered on spatial coding and navigation. As this line of 48 

research has developed, studies in primates and humans7–12, often using virtual navigation 49 

and single-unit recordings or neuroimaging, have substantially advanced the understanding of 50 

how the hippocampus and its connected networks support spatial cognition across species. 51 

 Despite the widespread framework, the nature of spatial coding in primates remains 52 

unresolved. In rodents, hippocampal activity is typically described in terms of position-53 

anchored place coding, whereas studies in nonhuman primates have often emphasized spatial 54 

view coding11–18, in which neurons fire according to the part of the environment being looked 55 

at rather than the animal’s physical location. Repeated reports of view-dominant coding, 56 

together with the importance of active visual sampling in primates with advanced foveal 57 

vision19–24, have led to the proposal that spatial representations in the primate hippocampus 58 

may be organized differently from those classically described in rodents. Interestingly, 59 

previous nonhuman primate studies have often failed to demonstrate place cells with the 60 

same robustness and spatial precision characterized in rodents, along with their defining 61 

features such as directional selectivity25–28 and contextual remapping29–33, across settings 62 

ranging from free navigation in open cages15,16,34,35 to linear tracks36,37 and virtual 63 

space11,12,38. These discrepancies have fueled an ongoing controversy: is the primate 64 

hippocampal code fundamentally distinct from the location-based representations found in 65 

rodents?19,20,22,24 66 

 Recent physiological evidence suggests that the primate hippocampus may instead be 67 

governed by mixed selectivity, in which individual neurons encode multiple variables 68 

concurrently rather than a single spatial quantity in isolation11,15–17. In this coding scheme, 69 

individual neurons encode multiple variables concurrently rather than a single spatial quantity 70 

in isolation. Studies employing multivariate models to account for diverse variables, such as 71 

location, spatial view and facing direction have found that a larger proportion of hippocampal 72 
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neurons exhibit mixed selectivity. Notably, only a small portion of hippocampal neurons has 73 

been reported as location-selective and are typically confounded with view direction or other 74 

behavioral variables, precluding the identification of pure position-dependent coding11,15–17.  75 

This prevalence of view-centric, multiplexed coding has reinforced the hypothesis that the 76 

primate hippocampal code is fundamentally distinct from the canonical spatial code observed 77 

in rodents19–24. 78 

 Despite these discrepancies, we hypothesized that the primate hippocampus can 79 

express robust, rodent-like spatial representations when specific experimental and analytical 80 

constraints are met. We proposed that such representations emerge under a synthesis of 81 

conditions: task demands necessitating active context sampling, exposure to a visually 82 

enriched virtual environment, and an analytical approach capable of separating position from 83 

the spatial view signal with which it covaries during navigation. To evaluate this hypothesis, 84 

we performed single-unit recordings in the hippocampus of macaque monkeys as they 85 

navigated a virtual linear track in two visually distinct contexts, with intermittent context-86 

dependent object choices. To separate position coding from spatial view coding, a 87 

generalized linear model was applied at the single-neuron level, together with a field-of-88 

view-based reconstruction of three-dimensional gaze. Our analysis revealed a heterogeneous 89 

neural population that includes both conjunctive cells and “canonical” cells, the latter of 90 

which exhibit selective tuning for either position or spatial view entirely independent of 91 

confounding variables. Collectively, the current results suggest that the long-debated 92 

differences between rodent and primate hippocampal codes may reflect methodological and 93 

task-related factors at least as much as fundamental biological differences, helping to bridge a 94 

decades-old gap in comparative neuroscience. 95 

 96 

 97 

Results 98 

 99 

A VR linear-track navigation paradigm and field-of-view-based 3D gaze reconstruction 100 

Two head-fixed monkeys (N and Y) navigated a virtual linear track using a joystick while 101 

hippocampal activity was recorded (Fig. 1A, Supplementary Fig. 1). On each lap, one of two 102 

visually distinct contexts, Forest or City, was presented pseudo-randomly (Fig. 1B), and the 103 

animals shuttled along the track between outbound and inbound runs (Fig. 1C). At four 104 

predefined locations on the track, locomotion was halted and the monkeys were required to 105 
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choose the object associated with the current context to obtain a water reward 106 

(Supplementary Fig. 2A). After training, both animals performed this context-dependent 107 

object-choice task at a high level across sessions and contexts (Supplementary Fig. 2B). 108 

Because primate spatial coding has often been interpreted through the lens of visual 109 

sampling, we reconstructed gaze behavior in three-dimensional space using a field-of-view 110 

framework applied to non-saccadic fixations in the eye-movement tracking data 111 

(Supplementary Fig. 3). We first defined a virtual view box enclosing the environment (Fig. 112 

1E), and then each non-saccadic fixation was expanded into a Gaussian-weighted field of 113 

view and projected onto the surfaces of the virtual view box (Fig. 1F). This procedure 114 

generated continuous gaze maps that captured which regions of the environment were 115 

sampled visually during navigation. Gaze sampling patterns differed reliably between Forest 116 

and City contexts, and context identity was accurately decoded from the gaze maps for both 117 

monkeys (Supplementary Fig. 4), indicating that the visual sampling was structured in a 118 

context-dependent manner. 119 

 120 

Position and view codes are dissociable and coexist in the primate hippocampus 121 

To determine whether hippocampal neurons encoded position, spatial view, or both, Poisson 122 

generalized linear models (GLM) were fit separately in each of the four task conditions 123 

defined by context and travel direction: Forest-Outbound (F-O), Forest-Inbound (F-I), City-124 

Outbound (C-O), and City-Inbound (C-I) (Fig. 2A). For each neuron, position, view, and 125 

conjunctive models were compared by cross-validated encoding performance, and neurons 126 

were classified according to the model that best explained their activity. Representative 127 

examples showed that each class was well captured by its corresponding model, with 128 

reconstructed model rate maps closely matching the actual firing patterns (Fig. 2B-D). Across 129 

all recorded single units (n = 113), 87.7% were classified as spatially modulated in at least 130 

one task conditions, whereas the remainder were non-spatial (Null) in all conditions (Fig. 131 

2E). All three classes were present in every condition (Fig. 2F), and their relative proportions 132 

did not differ significantly across conditions (χ²(9) = 9.13, p = 0.43, chi-square [χ²] test), 133 

indicating that the three coding schemes were consistently expressed across contexts and 134 

directions. 135 

To relate the model-based classes to more conventional spatial metrics, Skaggs’ 136 

spatial information39 (SI) and view information (VI) were compared across groups. The 137 

median SI was highest in Position cells (Position: 0.171; View: 0.093; Conjunctive: 0.122; 138 
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Fig. 2G), whereas the median VI was highest in View cells (Position: 0.057; View: 0.103; 139 

Conjunctive: 0.082; Fig. 2H), with Conjunctive cells exhibiting intermediate values on both 140 

measures. However, neither comparison reached statistical significance (SI: χ²(2) = 4.63, p = 141 

0.10; VI: χ²(2) = 3.56, p = 0.17; Kruskal–Wallis test), and the distributions overlapped 142 

substantially across classes. These results indicate that marginal information scores alone are 143 

insufficient to cleanly separate the underlying coding types. They underscore the need for the 144 

model-based dissociation of position and spatial view coding. 145 

 146 

Position cells show stable and localized spatial tuning 147 

We next characterized the firing properties of Position cells identified by the GLM. Cells 148 

with high SI (> 0.15) showed sharply localized tuning, with spikes concentrated at 149 

circumscribed locations along the track across laps (Fig. 3A). Others with lower SI exhibited 150 

broader or multi-peaked tuning (Fig. 3B). Importantly, these cells were still classified by the 151 

GLM as Position cells, indicating that low values of a marginal information metric did not 152 

preclude robust position-dependent coding. 153 

The proportion of Position cells did not differ significantly across the task conditions 154 

(χ²(3) = 4.09, p = 0.25, chi-square [χ²] test), corresponding to 11% to 20% of neurons per 155 

condition and 41.6% of all neurons in at least one condition (Fig. 3C). SI scores spanned a 156 

broad range (Fig. 3D), consistent with the coexistence of sharply tuned single-field responses 157 

and broader or multi-peaked tuning patterns within the same population. When we examined 158 

the tuning stability by correlating each cell's rate maps between odd and even laps, 71.2% of 159 

Position cells showed significant stability (Fig. 3E), suggesting that position tuning was 160 

reliable within session. 161 

At the population level, Position-cell rate maps collectively tiled the linear track in 162 

every condition (Fig. 3F). Fields were overrepresented near the lap start/end region, 163 

corresponding to the point at which the animal entered a context at the beginning of the 164 

outbound run and left it at the end of the inbound run. Because context identity could change 165 

from lap to lap, this concentration near the context-entry region may reflect elevated demands 166 

on contextual identification upon entering each context. Taken together, these results indicate 167 

that the primate hippocampus contains a substantial population of neurons with stable and 168 

spatially structured position tuning during virtual navigation. 169 

 170 

Position codes undergo directional and contextual remapping 171 
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Position coding on a linear track can vary with direction of travel25–28 in rodents, so 172 

directional remapping was assessed by comparing each Position cell’s spatial firing across 173 

outbound and inbound runs within a given context (Fig. 4A). Among all cells coding position 174 

in at least one direction, 90.7% showed remapping across direction, whereas only 9.3% 175 

retained stable firing patterns (Fig. 4B). The majority of the cells with direction-specific 176 

firing were classified as Position cells in only a single direction in both contexts, whereas 177 

12.9% (Forest) and 14.8% (City) of the cells were classified as Position cells in both 178 

directions (Fig. 4C).  179 

We next asked whether Position cells also remap between contexts by comparing each 180 

cell's firing between Forest and City contexts within the same direction (Fig. 4D). Among 181 

cells coding position in at least one context, 49.1% showed remapping whereas 50.9% 182 

maintained stable firing across contexts (Fig. 4E). Most of the cells with context-dependent 183 

remapping were classified as Position cells in a single context, with just 25.0% (outbound) 184 

and 8.3% (inbound) classified in both contexts (Fig. 4F). Collectively, the spatial 185 

representations in the primate hippocampus reorganized systematically as a function of 186 

navigational direction and environmental context, indicating that hippocampal position codes 187 

in this task were dynamic and condition-dependent. 188 

 189 

View cells form stable representations of allocentric visual space 190 

We next characterized the View cells identified by the GLM. View cells fired according to 191 

the region of the environment sampled by gaze, represented as a three-dimensional rate map 192 

on the unfolded surfaces of the view box (Fig. 5A). As with Position cells, View cells ranged 193 

from sharply tuned units with concentrated view fields (VI > 0.15; Fig. 5A) to cells with 194 

broader but still structured tuning (Fig. 5B).  195 

The proportion of View cells likewise did not differ across conditions (χ²(3) = 0.95, p 196 

= 0.81, chi-square [χ²] test) and ranged 21% to 26% per condition, corresponding to 50.4% of 197 

all neurons in at least one condition (Fig. 5C). VI scores were broadly distributed (Fig. 5D), 198 

and 59.4% of View cells showed significant odd–even lap stability (Fig. 5E). 199 

Population view maps (summing all View cells' peak-normalized rate maps; Fig. 5F) broadly 200 

covered the unfolded view box in every condition, indicating distributed sampling of 201 

allocentric visual space rather than clustering around a small subset of locations. Together, 202 

these results identify a robust visuo-spatial code in the primate hippocampus. This code was 203 



 

8 

reproducible across laps, broadly distributed across the environment, and dissociable from 204 

position coding at the single-unit level. 205 

 206 

View representations also reorganize across contexts 207 

We then asked whether View cells are also modulated by environmental contexts by 208 

comparing each cell's view-related firing between Forest and City within the same direction 209 

(Fig. 6A). Across all cells coding view in at least one context, 65.8% showed contextual 210 

remapping and 34.2% showed stable firing across contexts (Fig. 6B), which indicates that 211 

view representations reorganized across contexts more readily than position representations 212 

in the same comparison (cf. 49.1% remapping; Fig. 4F). About three quarters of the context-213 

modulated cells were classified as View cells in only one context, while the remainder were 214 

classified as View cells in both contexts (Fig. 6C). 215 

Taken together, context-dependent remapping is not unique to the position code: like 216 

Position cells, primate View cells reorganize their fields between the visually distinct 217 

environments. The two virtual environments were therefore distinguished along both 218 

positional and visual axes, that is, each context was associated with a distinct configuration of 219 

neural activity spanning both where the animal was and which part of the environment it 220 

sampled visually. 221 

 222 

Conjunctive cells jointly encode position and view 223 

A third class of neurons, the Conjunctive cells, was best captured by the full model 224 

combining position and spatial view information, and exhibited localized position fields 225 

together with structured view fields within the same neuron (Fig 7A). Example cells 226 

illustrated that position- and view-related tuning could coexist clearly within a single firing 227 

pattern. Conjunctive cells were the least frequent of the three spatial classes, representing 6% 228 

to 12% of neurons per condition and 24.8% of all neurons in at least one condition (Fig. 7B). 229 

Their prevalence did not differ significantly across task conditions (χ²(3) = 3.43, p = 0.33, chi-230 

square [χ²] test). Both SI and VI scores spanned broad ranges, and the corresponding 231 

distributions resembled those observed in Position and View populations (Fig. 7C; cf. Figs. 232 

3D, 5D). 233 

We assessed the reliability of the two representations separately using odd-even lap 234 

correlations for position and view rate maps. Conjunctive cells were highly stable in both 235 

domains, with 88.6% showing stable position tuning (Fig. 7D) and 71.4% exhibiting stable 236 
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view tuning (Fig. 7E). These findings identify a distinct hippocampal population in which 237 

information about self-location and visually sampled space is jointly and reliably represented. 238 

 239 

Population decoding separates position and view ensembles 240 

Finally, the single-neuron dissociation between position and view coding was examined at 241 

the population level using Bayesian decoding. In each task condition, position could be 242 

decoded accurately from the recorded population, with decoded location closely tracking the 243 

animal's actual location along the track (Fig. 8A). To test whether position-coding cells 244 

specifically supported this performance, decoding accuracy was compared across two 245 

ensembles: a position ensemble composed of Position and Conjunctive cells and a non-246 

position ensemble composed of View and non-spatial cells. The position ensemble 247 

outperformed size-matched non-position ensembles in every condition, with error advantages 248 

of 11.17 (F-O; 95% CI [7.47, 14.52]), 7.01 (F-I; [4.96, 9.17]), 5.65 (C-O; [2.91, 8.94]), and 249 

7.46 (C-I; [5.17, 9.77]) bins (Fig. 8B). Consistent with this, spike-train shuffling in the 250 

position ensemble strongly degraded decoding (red in Fig. 8C), whereas shuffling non-251 

position cells had a much smaller effect (blue in Fig. 8C), indicating that accurate position 252 

decoding depended primarily on the activity of position-coding neurons. 253 

An analogous result was obtained for spatial view. View could be decoded accurately 254 

across conditions from the full recorded population (Fig. 8D). A view ensemble composed of 255 

View and Conjunctive cells outperformed sized-matched non-view ensembles in all 256 

conditions, with error advantages of 2.99 (F-O; 95% CI [2.61, 3.94]), 1..81 (F-I; [0.96, 2.73]), 257 

2.41 (C-O; [1.70, 3.09]), and 1.88 (C-I; [0.78, 3.01]) surface steps over a size-matched non-258 

view ensemble (Fig. 8E). As in the position analysis, shuffling spikes in the view ensemble 259 

impaired decoding much more strongly than shuffling non-view cells (Fig. 8F). These 260 

population analyses demonstrate that the dissociation between position and view coding 261 

extends beyond single-cell classifications. Rather, the two forms of spatial information are 262 

carried preferentially by partially distinct ensembles that operate concurrently within the 263 

same hippocampal population. 264 

 265 

 266 

Discussion 267 

 268 
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The present findings show that the primate hippocampus contains dissociable neural codes 269 

for self-location and spatial view during virtual navigation. Combining a field-of-view 270 

framework for gaze reconstruction with generalized linear modeling revealed three coexisting 271 

populations: Position cells with hallmark properties of conventional place cells, View cells 272 

forming stable representations of allocentric visual space, and a relatively small population of 273 

Conjunctive cells encoding both. Population decoding confirmed that this dissociation 274 

extends to the ensemble level, with position and view information carried preferentially by 275 

their respective ensembles. The fact that robust position codes coexist with spatial view codes 276 

during visually enriched, task-demanding virtual navigation suggests that the view-dominant 277 

description of primate hippocampal spatial coding may reflect, at least in part, 278 

methodological and task factors rather than an intrinsic constraint of the system. 279 

One central implication is that spatial coding in the primate hippocampus cannot be 280 

reduced to a single dominant reference frame. Earlier primate studies either reported location-281 

specific firing without fully dissociating it from gaze35–37,40–42, or emphasized view-based or 282 

mixed selectivity11,12,15,16. Our data extend these accounts by showing that a substantial 283 

population of neurons is better explained by position even after view-dependent sampling is 284 

explicitly modeled. During movement along a linear track, an animal's location and the 285 

portion of space it views are intrinsically coupled, so position-related firing can be mistaken 286 

for view coding and vice versa; separating the two requires a model that estimates each 287 

contribution while controlling for the other. The current modeling framework addressed this 288 

problem by forcing position, view, and conjunctive explanations to compete against one 289 

another within each task condition. Under this approach, a distinct population remained best 290 

explained by position alone, indicating that view‑independent location coding can be 291 

recovered in the primate hippocampus when the relevant variables are explicitly dissociated. 292 

The primate hippocampus therefore appeared to maintain parallel representations of where 293 

the animal is and what part of the environment it is sampling visually. 294 

The properties of Position cells further indicate that this code shared several key 295 

properties with classical place cells. First, positional firing was spatially localized and reliable 296 

within a session, and the population collectively tiled the linear track, a population-level 297 

signature of a place-cell-like map43,44.  Second, tuning was strongly directional, with most 298 

cells preferentially encoding a single travel direction, as reported in rodent studies25–28,45. 299 

Third, a substantial fraction remapped between the Forest and City contexts, consistent with 300 

the hallmark global remapping across distinct contexts in rodent work29–33. Together, these 301 
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features suggest that the primate position code closely resembles the canonical properties 302 

ascribed to place cells, pointing to an allocentric, map-like coding mode in the primate 303 

hippocampus that resembles the rodent counterpart in both form and function. 304 

The results also help clarify why previous primate studies may have reported 305 

relatively few neurons with strong position-dependent tuning11,12,15,16. We suggest that two 306 

features of the present paradigm likely contributed to the detection of dissociable position 307 

signals. First, environmental richness: rodent studies showed that structured, enriched 308 

environments increase place-cell prevalence and precision46–49. Moreover, given primates' 309 

reliance on high-acuity vision, our naturalistic VR contexts with distinct landmarks and 310 

boundaries may have promoted finer position tuning compared with the sparser environments 311 

of earlier primate studies11,12. Second, behavioral demands that required contextual memory 312 

during navigation: tasks demanding context discrimination enhance place-cell recruitment in 313 

rodents50,51. In the current task, context was not a background variable but a behaviorally 314 

relevant feature that had to be sampled repeatedly to guide object choice. Under such 315 

conditions, positional and contextual information may be more strongly engaged than during 316 

passive viewing or less structured navigation. 317 

This stands in contrast to earlier primate work, where the relative scarcity of place 318 

cells has often been attributed to species-level differences, such as anatomical distinctions 319 

and divergent sampling strategies (e.g., whole-body movement in rodents versus head- and 320 

gaze-based sampling in primates) that were taken to favor view- over place-based coding19–321 

24,52. Our identification of view-independent Position cells with place-cell-like properties, 322 

together with recent reports of location-selective primate activity36,37, challenges this view-323 

centric account; the fact that the coding categories persist when position and spatial view are 324 

pitted against each other in a single model strengthens this point. The relative prominence of 325 

position or view coding may therefore depend less on species than on task structure and 326 

environmental richness. 327 

This interpretation does not imply that view coding is secondary. On the contrary, 328 

View cells formed the largest of the three spatial classes, exhibited stable tuning, and showed 329 

robust contextual reorganization. The prominence of this code is consistent with the 330 

importance of active visual sampling in primate behavior and with longstanding proposals 331 

that primate hippocampal representations are shaped by gaze-dependent exploration of the 332 

environment. What the present data add is that visual and positional codes should not be 333 

treated as mutually exclusive alternatives. Instead, both appear to contribute to a 334 
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heterogeneous representational architecture in the primate hippocampus. Consistent with this 335 

perspective, the heterogeneous coding we observed here may provide an efficient substrate 336 

for goal-directed behavior, with position, view, and conjunctive coding acting as dynamically 337 

weighted modes within a shared representational space that is reconfigured by the 338 

hippocampus according to sensory availability, behavioral goals, and environmental 339 

constraints. 340 

Several limitations should be considered when interpreting the current findings. First, 341 

the task was constrained to linear-track navigation, which does not capture the full 342 

complexity of natural navigation. Second, environmental richness and task demands were 343 

manipulated together rather than independently, making it difficult to assign their relative 344 

contributions to the observed coding structure. Third, population decoding was performed on 345 

pseudo-populations assembled across sessions, which characterizes the information available 346 

in the recorded population but not the exact moment-to-moment readout of simultaneously 347 

active ensembles. Despite these limitations, the present study provides evidence that the 348 

primate hippocampus supports concurrent yet dissociable coding of position and spatial view 349 

during navigation. The contrast between place-like and view-like signals in primate work 350 

may therefore reflect not only species differences, but also differences in behavioral design, 351 

environmental structure, and analytical resolution. More broadly, our findings support the 352 

view that primate hippocampal representations are heterogeneous and compositional, with 353 

overlapping neural populations carrying complementary information about spatial position 354 

and visually sampled space. 355 

 356 

 357 

Methods 358 

 359 

Subjects 360 

Two adult male rhesus macaque monkeys were used in this study: monkey N (12 years old, 361 

11 kg) and monkey Y (14 years old, 10 kg). The monkeys had ad libitum access to food, 362 

provided twice daily, while water access was restricted. All experimental procedures were 363 

approved by the Institutional Animal Care and Use Committee of Sungkyunkwan University 364 

(SKKUIACUC2022-03-62-1, SKKUIACUC2024-10-49-1, SKKUIACUC2024-12-02-1, 365 

SKKUIACUC2025-10-69-1). 366 

 367 
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VR setup 368 

We developed a virtual reality (VR) setup for monkey experiments. The setup consisted of a 369 

curved LCD monitor, a joystick, an eye-movement recording system (EyeLink 1000 Plus; SR 370 

Research), a movable experimental acrylic chair, a head-restraint system, and a reward 371 

delivery system (Fig. 1A). A curved LCD monitor (800 mm × 1,400 mm) was used to present 372 

the VR environment. To provide a realistic visual experience, the VR environment was 373 

constructed using a high-resolution game engine (Unreal Engine 4.14.3; Epic Games, Inc.). 374 

The environment comprised two naturalistic spatial contexts, referred to as the Forest and 375 

City contexts, each containing both proximal and distal landmarks (Fig. 1A, B). The head-376 

fixation system consisted of a frame mounted on the monkey’s head that was connected to a 377 

frame on the experimental chair. Bilateral fixation frames provided stable head restraint, 378 

ensuring that the monkeys’ head orientation was maintained facing the LCD monitor 379 

throughout the experiment. The monkeys performed navigation and behavioral responses 380 

using a joystick. Movement signals generated by joystick manipulation were transmitted to 381 

the computer via an Arduino Mega2560 and synchronized with the monkeys’ movements in 382 

the virtual reality environment using MATLAB R2021a (MathWorks) and Unreal Engine. 383 

Eye movements were simultaneously recorded using an infrared eye-tracking camera. The 384 

reward delivery system consisted of a licking tube mounted on the experimental chair and 385 

positioned in front of the monkey. Correct joystick responses during the contextual object 386 

choice trials (described in detail below) triggered a solenoid valve (VA212-3N; Aonetch) to 387 

dispense a 10 µl water reward by opening the valve for 0.1 s. Reward delivery was controlled 388 

by Unreal Engine via an Arduino Mega2560 interface.  389 

 390 

Shaping 391 

After several weeks of handling, the monkeys were introduced to the VR apparatus for 392 

habituation and subsequently trained to navigate a virtual environment using a joystick. 393 

During this period, the Forest and City contexts were pseudo-randomly presented. The map 394 

comprised an inter-trial tunnel, a linear track, and a turning platform (‘rotary’). The monkeys 395 

were habituated to a stereotyped navigation sequence in which they initiated movement from 396 

the inter-trial tunnel, traversed the linear track, experienced a passive 180° rotation at the 397 

rotary, and returned to the inter-trial tunnel; this complete sequence was defined as a lap. 398 

Following successful navigation shaping (100 laps within 120 minutes on two consecutive 399 

days), the monkeys were trained to perform a choice response task within the same map. 400 
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Upon reaching predefined locations during outbound and inbound navigation, a heart-shaped 401 

3D object appeared on either the left or right side of the track. The monkeys obtained the 402 

reward by manipulating a joystick in the direction of the presented object. After completing 403 

210 trials within 120 minutes on two consecutive days, the monkeys learned the final shaping 404 

of choosing one of the two objects based on their visual properties. Objects were presented 405 

with either full opacity (100%) or low opacity (10%), and the monkeys were required to 406 

select the fully opaque object. Monkeys that completed more than 210 trials within 120 407 

minutes and achieved an accuracy exceeding 80% on two consecutive days advanced to the 408 

main task. 409 

 410 

Context-dependent object-choice task 411 

In the main task, the monkeys navigated the same contexts described above and learned the 412 

associations between contexts and objects. The two contexts were presented in a pseudo-413 

random order. Objects were divided into two categories: one object group (i.e., pumpkin, 414 

jellyfish, and pizza) was rewarded in the Forest context, whereas the other object group (i.e., 415 

donut, turtle, and octopus) was rewarded in the City context; objects were not rewarded in the 416 

opposite context (Fig. 1B). When the monkeys reached predefined trial locations during 417 

navigation, a contextual object-choice trial was initiated (Fig. 1C, Supplementary Fig. 2A). 418 

At trial onset, locomotion was halted and a red circle was presented at the center of the screen 419 

as a ready cue. Following a variable delay of 300–600 ms after ready cue onset, two 420 

objects—each randomly selected from one of the two object categories—were presented on 421 

the left and right sides of the ready cue. After an additional delay of 300–600 ms, the ready-422 

cue changed from a red circle to a blue circle, signaling go-cue onset. Following go-cue 423 

onset, the monkeys were required to select the object rewarded in the current context by 424 

manipulating the joystick left or right. Correct choices were followed by an auditory feedback 425 

tone (1300 Hz) and delivery of a water reward (solenoid valve opened for 0.1 s; 10 µl) 426 

through the reward tube. Incorrect choices resulted in a low-frequency auditory feedback tone 427 

(140 Hz) without reward. Within a single lap, eight trials were conducted, with four trials 428 

occurring during outbound and the other four during inbound navigation. 429 

Training progressed in a stepwise manner with increasing object-set complexity. The 430 

monkeys were first trained with a single object pair (pumpkin and donut), followed by a 431 

second object pair (jellyfish and turtle). Training then proceeded with four objects combining 432 

the first and second object pairs, followed by a third object pair, and finally with all six 433 
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objects. Advancement to the next training stage required completion of at least 100 laps (800 434 

trials) with more than 80% accuracy on two consecutive days at each stage. 435 

For all behavioral and neuronal analyses, we included only sessions in which the 436 

monkeys achieved more than 80% correctness for each object and completed at least 72 laps. 437 

This criterion ensured that all possible combinations of two contexts, four trial locations, two 438 

navigation directions (outbound/inbound), six object identities, and two object locations 439 

(left/right) were presented, allowing each condition to be experienced at least twice. 440 

 441 

Surgery 442 

Prior to surgery, implantation coordinates for the head post and recording chamber were 443 

calculated based on the location of the hippocampus, which was identified using 3T and 7T 444 

MRI scans. Surgeries were performed under isoflurane anesthesia in accordance with each 445 

monkey’s individual training schedule. For monkey N, the first surgery involved implantation 446 

of a custom-made titanium head post for head fixation. Ten titanium bone screws were 447 

inserted into the skull and cemented together with the head post to form a stable base 448 

supporting the implant. This procedure mechanically integrated the head post, skull, and bone 449 

screws, resulting in a rigid and stable head-fixation system. The second surgery involved 450 

implantation of a recording chamber. A custom-built recording chamber (23 mm × 25 mm; 451 

Ultem) was affixed to the skull and secured using seven ceramic screws and dental cement. 452 

The chamber was designed to accommodate a recording grid (19 mm × 21 mm). When 453 

experiments were not being conducted, a chamber cover was secured to the top of the 454 

chamber. For monkey Y, implantation of the head post and recording chamber was 455 

performed during a single surgical session using the same specifications and procedures as 456 

monkey N. 457 

 458 

Electrophysiological recording 459 

After sufficient postoperative recovery, MRI scans were acquired to determine the depth and 460 

coordinates from the recording chamber to the hippocampus. A recording grid structure 461 

containing a contrast agent was placed within the recording chamber for each recording 462 

session and was installed and removed at every session; the recording chamber was 463 

thoroughly cleaned according to established protocols before and after each session to 464 

prevent infection. The recording grid consisted of a rigid guide-tube holder with regularly 465 

spaced holes arranged in a 19 × 21 array, designed to precisely guide electrode trajectories 466 
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toward the target region. Each hole in the grid served as a fixed coordinate, allowing 467 

reproducible and stable electrode insertions across recording sessions. 468 

For each recording session, hippocampal target coordinates were selected based on 469 

MRI images. Electrodes were mounted on a motorized electrode manipulator pencil (MEM 470 

pencil, Thomas RECORDING GmbH) equipped with a guide tube. Prior to electrode 471 

insertion, the electrodes and guide tubes were sterilized by immersion in alcohol for at least 472 

30 minutes. The recording grid was then installed in the recording chamber, and the sterilized 473 

electrode was inserted through the recording grid. Electrode advancement and retraction were 474 

controlled via a microprocessor motor control unit (MCU-2, Thomas RECORDING GmbH; 475 

speed of 15 µm/s). After reaching the target depth, a waiting period of at least 30 minutes was 476 

allowed to permit recovery from transient brain compression. Subsequently, cell hunting was 477 

performed by slowly advancing the electrode at a rate of 2–5 µm/s. Once a well-isolated 478 

neuronal signal was detected, recordings commenced after an additional stabilization period 479 

of at least 15 minutes. 480 

Neural activity was recorded using a Digital Lynx acquisition system (Neuralynx). 481 

Signals were amplified 1,000–10,000-fold and band-pass filtered between 300 and 6,000 Hz 482 

for spike detection. Spike waveforms exceeding a manually adjusted threshold (typically 30–483 

100 µV) were digitized at 32 kHz and time-stamped. 484 

At the end of each recording session, the electrode was retracted at a speed of 15 485 

µm/s. The electrode and recording grid were then removed, the recording chamber was 486 

thoroughly cleaned according to established protocols, and the chamber cover was reinstalled 487 

to seal the recording chamber. 488 

All data were collected after completion of behavioral training (i.e., completed more 489 

than 100 laps within 60 minutes and achieved over 80% correctness for each object across 490 

two consecutive days). Neuronal and behavioral data—including trial events, the monkey’s 491 

position within the virtual environment, and joystick manipulation—were recorded in 492 

synchrony with the VR system at 30 Hz. Neural recordings were obtained using either a 493 

single electrode or a tetrode (MEM pencil, Thomas RECORDING GmbH). 494 

 495 

Unit isolation 496 

All single units were manually isolated using different software depending on electrode type: 497 

Offline Sorter (Plexon) for single electrodes and a custom program (WinClust) for tetrodes. 498 

Peak amplitude was used as the primary criterion for spike sorting, along with additional 499 
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waveform features including energy and peak-to-trough latency. Units were excluded if more 500 

than 1% of spikes occurred within the refractory period (1 ms). 501 

 502 

Unit filtering 503 

Only units from sessions with more than 72 valid laps were included, after excluding laps 504 

invalidated by experimenter intervention or mechanical issues. A total of 253 units were 505 

recorded from these valid sessions. Based on cluster isolation, 156 units were classified as 506 

single units and 97 units as multi-unit activity. Units were assigned to multi-unit activity 507 

when cluster boundaries were poorly separated or when multiple distinct waveform shapes 508 

were present within a single cluster. Among the 156 single units, 12 were identified as fast-509 

spiking neurons, defined by a mean firing rate greater than 10 Hz and a spike width shorter 510 

than 350 µs, and were excluded from further analyses. During recordings, we intentionally 511 

targeted putative principal cells and avoided fast-spiking neurons based on established 512 

electrophysiological characteristics (e.g., firing rate and spike waveform), to preferentially 513 

sample excitatory neurons. 514 

For putative complex-spiking neurons, all analyses were restricted to spikes and 515 

behavioral data recorded during active navigation. Periods with movement speeds lower than 516 

15 cm/s in the VR environment, epochs corresponding to contextual object-choice trials, and 517 

positions outside the linear track (700–9,500 cm) within each context were excluded. 518 

Neurons that emitted fewer than 100 spikes during the included periods across all laps were 519 

also excluded. After applying these criteria, 120 neurons were retained for analyses 520 

(Supplementary Table 1). For condition-wise analyses, neurons were further required to fire 521 

more than 30 spikes within a given task condition; cells not meeting this criterion in a 522 

condition were excluded from that condition's analyses. A total of 113 neurons exceeded this 523 

threshold in at least one of the four conditions and were included in the condition-wise 524 

analyses (F-O, n = 102; F-I, n = 104; C-O, n = 104; C-I, n = 103). 525 

 526 

Preprocessing of eye-movement data 527 

Raw eye-movement data along the horizontal (X) and vertical (Y) axes were first 528 

preprocessed to reduce high-frequency noise. Specifically, the signals were low-pass filtered 529 

using a second-order Butterworth filter with a cutoff frequency of 25 Hz, applied in a zero-530 

phase (two-pass) manner to avoid phase distortion. The sampling rate of the eye-position data 531 

was 1,000 Hz. Filtered eye-movement data were converted from linear displacement to 532 
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angular units (degrees of visual angle) using the arctangent of the scaled eye-position 533 

displacement relative to the eye-to-monitor distance. Instantaneous eye velocity was 534 

computed as the first temporal derivative of angular eye position for horizontal and vertical 535 

components and expressed in degrees per second. Eye acceleration was calculated 536 

analogously as the first temporal derivative of eye velocity, yielding units of degrees per 537 

second squared. Horizontal and vertical components of velocity and acceleration were 538 

combined to form two-dimensional vectors. 539 

Saccades were detected using a multi-step algorithm based on eye acceleration, 540 

velocity, and movement direction. Candidate saccade periods were first identified by 541 

thresholding horizontal and vertical eye acceleration signals. Samples exceeding an 542 

acceleration threshold of 1000 deg/s² in either axis were marked as saccade candidates. Short 543 

gaps within candidate segments shorter than 40 ms were merged, and candidate segments 544 

separated by inter-saccadic intervals shorter than 10 ms were combined to form preliminary 545 

saccade epochs. For each candidate saccade, two-dimensional eye velocity was computed, 546 

and the time point of peak velocity was identified. The main saccade direction was estimated 547 

as the average of the sample-to-sample velocity direction at the peak velocity sample and its 548 

immediate neighboring samples. Saccade onset and offset were then refined using directional 549 

and velocity-based criteria. Boundaries were adjusted when the deviation from the main 550 

saccade direction exceeded 60°, or when deviations larger than 20° occurred for three 551 

consecutive samples. Additional refinement was applied based on sample-to-sample changes 552 

in movement direction using the same angular thresholds. Finally, saccade onset and offset 553 

were constrained by velocity criteria: saccade boundaries were defined as the points at which 554 

eye velocity fell below an absolute threshold of 30 deg/s, or below 20% of the peak velocity 555 

for that saccade. Samples between the refined onset and offset were labeled as saccades, 556 

yielding a binary saccade index for each time point. Eye-movement samples classified as 557 

saccadic movements were excluded from subsequent analyses. All remaining samples, 558 

including fixation and smooth eye-movement periods, were grouped as non-saccadic 559 

fixations and used for all eye-movement analyses reported in this study. 560 

 561 

Constructing 3D gaze map 562 

To reliably measure gaze positions within the 3D VR space, we introduced a virtual “view 563 

box” (length 13,000 cm, width 2,000 cm, height 2,000 cm; Fig. 1E) within each VR context. 564 

2D eye positions recorded from the monkeys were transformed and projected onto the 3D 565 
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coordinate of the view box. This projection was performed by computing the intersection 566 

between the virtual view box and rays defined by viewing angles derived from the monkey’s 567 

eye position in 2D coordinates, enabling the reconstruction of gaze positions within the 3D 568 

VR space. 569 

To define the spatial extent of visual perception, the reconstructed gaze point was 570 

subsequently expanded into a field-of-view (FOV). Prior to FOV estimation, the entire view 571 

box was discretized into uniform three-dimensional spatial bins with a resolution of 500 cm. 572 

A viewing angle of ±60°, encompassing the monkey’s peripheral visual range, was applied to 573 

construct a 2D FOV boundary centered on the fixation point. This boundary was projected 574 

into the 3D space, and each spatial bin was classified according to whether it fell within the 575 

resulting FOV boundary based on geometric intersection criteria. 576 

To further approximate the non-uniform nature of visual information processing 577 

across the visual field, a Gaussian weighting function (σ = 8) was applied with respect to the 578 

fixation point. For each spatial bin within the FOV boundary, the Euclidean distance from the 579 

fixation point was calculated, and a corresponding Gaussian value was assigned, such that 580 

bins closer to the fixation point were weighed more strongly while bins toward the periphery 581 

received progressively lower weights. This procedure yielded a three-dimensional, spatially 582 

weighted FOV representation that captured both the geometric extent of gaze and the graded 583 

decline of visual sensitivity across peripheral vision (Fig. 1F). 584 

 585 

Decoding contexts with eye movements 586 

To compare gaze behaviors across contexts, we performed a decoding analysis using gaze 587 

data as features, separately for each monkey. Within each session, we added fixation counts 588 

(448 spatial bins) from both outbound and inbound conditions for the Forest and City 589 

contexts separately. These counts were z-score normalized within each session to provide the 590 

feature vectors for subsequent analysis. We used multidimensional scaling (MDS) to 591 

visualize the clustering of Forest and City contexts based on gaze behaviors in three-592 

dimensional space (Supplementary Fig. 4C). We then applied a linear SVM to perform binary 593 

classification of whether each gaze data is from Forest or City context (Supplementary Fig. 594 

4D). We used 5-fold cross-validation to train and test the model. To test the significance of 595 

decoding results, we shuffled the context labels and performed the decoding 1000 times to 596 

construct surrogate distribution of the decoding results. p-values were determined by 597 

comparing with the surrogate distribution. 598 
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 599 

GLM-based cell classification 600 

To dissociate position and spatial view at the single-neuron level, we fit Poisson GLMs to 601 

each neuron's binned spike train, separately for each of the four conditions, comparing three 602 

encoding models: a position model (location parameterized by Gaussian basis functions along 603 

the track), a view model (gaze location parameterized as the bins of the unfolded view box), 604 

and a conjunctive model combining both. 605 

Cross-validation was lap-based to avoid within-lap leakage: laps were split into 9 outer folds, 606 

and a nested 3-fold cross-validation on the training laps selected the ridge-penalty strength λ 607 

(from a logarithmically spaced grid) by minimizing held-out Poisson deviance. Sparsely 608 

sampled view bins (low cumulative occupancy) were masked to prevent unstable fits. For 609 

each test fold, encoding performance was quantified as the cross-validated log-likelihood 610 

gain per bin over a mean-rate null model (ΔLLH/bin). 611 

Each neuron was classified by forward selection on the fold-wise ΔLLH/bin. The better 612 

single-variable model (position or view) was first tested against the null (one-tailed Wilcoxon 613 

signed-rank across folds; α = 0.05); neurons not exceeding the null were classified as non-614 

spatial (Null). Otherwise, the conjunctive model was tested against the best single model and 615 

the neuron classified as Conjunctive if it significantly improved on it, or as a Position or 616 

View cell otherwise. Classification was performed independently in each condition. 617 

Each model was also refit on all of a condition's data for the rate map reconstructions shown 618 

in the figures; the significance of each fit was assessed by circularly shifting the spike train 619 

relative to the predictors (1,000 shuffles) and comparing the observed log-likelihood to the 620 

shuffle distribution. 621 

 622 

Spatial information score (SI) 623 

The linear track was divided into 89 spatial bins of 100 cm (700–9,500 cm) each, and the 624 

firing rate for each bin was calculated by dividing the spikes count occurring within the bin 625 

by the occupancy of that bin, yielding a spatial firing-rate map. After map construction, 626 

smoothing was applied using the Skaggs adaptive binning method. The spatial information of 627 

the single cell was calculated from the smoothed spatial firing-rate map according to the 628 

equation below39: 629 

Spatial	information	(SI)	score = 45!
6!
6

!

log"
6!
6 	(bits/spike) 630 
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where i is the spatial bin index, p_i the occupancy probability of bin i, λ_i the mean firing 631 

rate in bin i, and λ the overall mean firing rate across bins. SI was computed separately for 632 

each of the four conditions (two contexts × two navigation directions). The significance of 633 

each SI score was assessed against a null distribution generated by shuffling spike times (n = 634 

1,000 shuffles). 635 

 636 

View information score (VI) 637 

The firing rate of the spatial view-rate map was computed by dividing the Gaussian-weighted 638 

spike count of each bin of the view box by its corresponding Gaussian-weighted occupancy. 639 

The resulting map was smoothed using the Skaggs adaptive binning method. The spatial view 640 

information of each single cell was then calculated from the smoothed rate map for spatial 641 

view according to the equation below39: 642 

View	information	(VI)	score = 45!
6!
6

!

log"
6!
6 	(bits/spike) 643 

where i is the view box bin index, p_i the occupancy probability of bin i, λ_i the mean firing 644 

rate in bin i, and λ the overall mean firing rate across bins. VI was computed separately for 645 

each of the four conditions. As for SI, the significance of each VI score was assessed against 646 

a spike-shuffled null distribution (n = 1,000 shuffles). 647 

 648 

Rate map stability and remapping 649 

To assess the reliability of position and view tuning, we computed split-half (odd–even) 650 

stability. For each cell and condition, rate maps were constructed separately from the odd and 651 

even laps, and the stability index was the pixel-wise correlation between the two maps, taken 652 

over bins occupied in both halves (1D position maps or 2D view maps, as defined above). 653 

Significance was assessed against a null distribution of 1,000 shuffles, each generated by 654 

circularly shifting the spike train by a random offset (10–90% of the session), then re-655 

splitting the laps and recomputing the odd–even correlation. The p-value was the fraction of 656 

shuffles whose correlation met or exceeded the observed value; cells with p < 0.05 were 657 

classified as stable, and the remainder as unstable (Figs. 3E, 5E, 7D, E). 658 

To quantify remapping, we compared a cell's rate maps across the two directions 659 

(within a context; directional remapping) or across the two contexts (within a direction; 660 

contextual remapping), restricted to cells classified as a Position (or View) cell in both 661 

members of the pair. The across-direction or across-context correlation was tested against a 662 
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null distribution generated by the same shuffling procedure (1,000 circular shifts); cells 663 

whose correlation was significant (p < 0.05) were classified as stable, and the remainder as 664 

remapping (Figs. 4C, F; 6C). 665 

 666 

Bayesian decoding of position and spatial view 667 

To quantify the spatial information encoded by the hippocampal population, we decoded 668 

position and spatial view from a pseudo-population of neural activity using a Bayesian 669 

maximum a posteriori (MAP) approach within 250-ms observation windows. For each 670 

condition, decoding used the per-condition populations defined in Cell filtering. For each 671 

window, synthetic spike counts were generated by sampling from a Poisson distribution, 672 

using each neuron's rate map to model its firing probability at each spatial state (s). Assuming 673 

independent firing across neurons and a uniform prior P(s), the monkey's spatial state was 674 

estimated from the likelihood P(n|s): 675 

ŝ = argmax#?@(A!|C)
$

!%&

 676 

where ŝ is the decoded state (position or spatial view), n is the vector of simulated firing 677 

counts for N neurons, and P(n_i|s) is the Poisson probability of count n_i given state s. 678 

Decoding error was quantified as the distance between the actual and decoded state (position, 679 

track bins; spatial view, surface steps on the view box), and its significance was assessed 680 

against a surrogate distribution generated by shuffling firing rates (n = 1,000). 681 

To test the specific contribution of each spatial code, we compared decoding from the 682 

functional ensembles with size-matched comparison ensembles. For position, the position 683 

ensemble (Position and Conjunctive cells) was compared with an equally sized ensemble 684 

drawn at random from the remaining, non-position (View and Null) cells; for view, the view 685 

ensemble (View and Conjunctive cells) was compared with a size-matched ensemble of non-686 

view (Position and Null) cells. Across many resampling repetitions, the effect size was 687 

defined as the mean difference in decoding error (comparison ensemble − functional 688 

ensemble), with 95% confidence intervals across repetitions; positive values indicate lower-689 

error decoding by the functional ensemble (Fig. 8B, E). 690 

Finally, a neuron-dropping analysis was performed under selective spike-train shuffling. At 691 

each population size, neurons were subsampled from the full population (100 repetitions) and 692 

decoded under four manipulations: all spike trains intact (Full ensemble); the spike trains of 693 

the position (or view) ensemble shuffled, abolishing their tuning while retaining the cells in 694 
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the decoded population (Position/View shuffled); the spike trains of the remaining non-695 

position (non-view) cells shuffled (Non-position/Non-view shuffled); and all spike trains 696 

shuffled (Chance). This quantified how decoding error scaled with the number of neurons and 697 

which ensemble drove the decoding (Fig. 8C, F).  698 
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Figure legends 705 

 706 

Figure 1. Virtual linear-track navigation task and 3D gaze reconstruction. (A) Schematic 707 

illustration of the virtual reality setup for the behavioral task and neural recording. Head-708 

fixed monkeys manipulated a joystick to navigate along a linear track in virtual contexts 709 

presented on a LED screen. Eye movements were recorded simultaneously with neural 710 

spiking activity. (B) Overview of the Forest (top) and City (bottom) contexts, illustrating 711 

their landmark configurations. Insets show the three distinct objects uniquely associated with 712 

each context. (C) Bird’s-eye view of the linear tracks in the two contexts. Arrows indicate 713 

outbound and inbound journeys. Green circles denote trial locations where the monkeys were 714 

stopped for context-dependent object choices. Monkeys experienced a 180° rotation at the 715 

rotary (black circle) to start inbound journeys. (D) Schematic of the virtual “view box” 716 

encompassing the linear track, used for 3D gaze reconstruction. (E) Methodology for 717 

mapping 2D gaze to 3D space. (i) Fixation points on the 2D screen were projected onto the 718 

virtual view box to determine 3D fixation points. (ii) Aggregated 3D fixation counts were 719 

mapped onto the surfaces of the view box, and then (iii) the view box was unfolded into a flat 720 

2D gaze map. 721 

  722 

Figure 2. A generalized linear model dissociates Position, View, and Conjunctive cells in 723 

the primate hippocampus. (A) Schematic of the spatial coordinate frames used to construct 724 

position and view rate maps for the generalized linear model (GLM) analysis. (i) The four 725 

task conditions, defined by context (Forest, City) × direction (outbound, rightward; inbound, 726 

leftward). Task conditions are color-coded consistently throughout the figures as Forest-727 

Outbound (F-O), red; Forest-Inbound (F-I), orange; City-Outbound (C-O), blue; City-728 

Inbound (C-I), cyan. (ii) The virtual "view box" enclosing the linear track — used to 729 

reconstruct 3D gaze — unfolded into a flat layout. Its four side faces (Left, Bottom, Right, 730 

Top) and two end walls (In, Out) define the coordinate frame of the 2D view rate maps 731 

shown throughout the figures. (B–D) Representative neurons classified by the GLM as 732 

Position cells (B), View cells (C), and Conjunctive cells encoding both position and view 733 

(D). For each cell, the top row shows empirical rate maps: firing rate as a function of position 734 

along the track (i) and across the unfolded view box (ii). The bottom row shows the 735 

corresponding GLM model rate maps for position (iii) and view (iv). At right (v), encoding 736 

performance (ΔLLH/bin) for the position, view, and conjunctive models is shown (points, 737 
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mean; error bars, S.E.M. across cross-validation folds); the best-fitting model defines each 738 

cell's class. (E) Proportion of spatially modulated neurons — those classified as Position, 739 

View, or Conjunctive cells in at least one task condition across all recorded single units (n = 740 

113). (F) Class composition of spatially modulated cells in each task condition, expressed as 741 

the percentage of cells classified as Position, View, Conjunctive, or Null. (G, H) 742 

Distributions of Skaggs spatial information scores (G) and view information scores (H) 743 

across GLM classes, shown as violin plots with overlaid jittered single-cell values (small 744 

filled circles), class medians (large open circles), and 95% bootstrap confidence intervals 745 

(error bars). One Position cell with an SI value > 1.2 was excluded from the SI distribution 746 

for visualization purposes. 747 

  748 

Figure 3. Position cells in the primate hippocampus during virtual navigation. (A) 749 

Representative Position cells with high spatial information (SI > 0.15). Two example cells 750 

were shown for each task condition. For each cell, three panels are displayed: a spike raster 751 

across laps as a function of track position (top), an averaged firing-rate map (FR; middle), 752 

and the corresponding firing-rate heat map (bottom). The arrow at the bottom indicates the 753 

direction of travel and is color-coded by task condition. Text in red denotes the SI score and 754 

its p-value for the displayed condition (permutation test against shuffled spike trains). (B) 755 

Representative Position cells with low spatial information (SI ≤ 0.15), showing weaker, 756 

multi-peaked position tuning. (C) Proportion of Position cells within each task condition (chi-757 

square test; n.s., not significant). (D) Distribution of SI scores for Position cells (pooled 758 

across task conditions; rightmost bin, SI > 1). (E) Distribution of spatial firing stability for 759 

Position cells, quantified as Pearson correlation coefficients between position rate maps from 760 

odd and even laps. Cells with significantly stable firing relative to shuffled spike trains are 761 

shown in brown (permutation test, p < 0.05); unstable cells are shown in grey. (F) Population 762 

rate maps for Position cells in each task condition. Each row represents one cell's peak-763 

normalized position rate map. 764 

  765 

Figure 4. Directional and contextual remapping of position representations. (A) Example 766 

Position cells illustrating directional reorganization of position representations across travel 767 

directions within a context, except for the bottom-right cell whose firing pattern did not differ 768 

across directions. For each cell, position rate maps for the two opposite directions are shown 769 

together with the across-direction rate-map correlation (r). (B) Across-direction position rate-770 
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map correlations for all cells classified as Position cells in at least one of the two directions, 771 

pooled across within-context direction pairs (F-O with F-I, and C-O with C-I). Cells are 772 

classified as stable (dark gray) or remapping (light gray) based on a permutation test (p < 773 

0.05). (C) Proportional composition of Position cells that code position in the outbound 774 

direction only, the inbound direction only, or in both directions (Out & In), shown separately 775 

for the Forest and City contexts. (D) Example Position cells illustrating contextual 776 

reorganization of firing patterns across contexts within the same direction, except for the 777 

bottom-right cell whose firing pattern did not differ across contexts. (E) Across-context 778 

position rate-map correlations for all cells classified as Position cells in at least one of the two 779 

contexts, pooled across within-direction pairs (F-O with C-O, and F-I with C-I). Cells are 780 

classified as stable (dark gray) or remapping (light gray) based on a permutation test (p < 781 

0.05). (F) Proportional composition of Position cells that showed position coding in the 782 

Forest context only, the City context only, or in both contexts (F & C), shown separately for 783 

the outbound and inbound directions. 784 

 785 

Figure 5. View cells in the primate hippocampus during virtual navigation. (A) 786 

Representative View cells with high view information (VI > 0.15). Two example cells are 787 

shown for each task condition. For each cell, the unfolded 2D view rate map is presented 788 

(box faces, end walls, arrow, and markers are as in Fig. 2A; color bar, firing rate). Text in red 789 

denotes the VI score and its permutation-test p-value for the displayed condition. (B) 790 

Representative View cells with low view information (VI ≤ 0.15), showing broader view 791 

tuning. (C) Proportion of View cells within each task condition (chi-square test; n.s., not 792 

significant). (D) Distribution of VI scores for View cells (pooled across task conditions; 793 

rightmost bin, VI > 1). (E) Distribution of view firing stability for View cells, quantified as 794 

Pearson correlation coefficients between view rate maps from odd and even laps. Cells 795 

classified as significantly stable relative to shuffled spike trains are shown in green 796 

(permutation test, p < 0.05); unstable cells are shown in grey. (F) Population view maps 797 

obtained by summing peak-normalized view rate maps across cells in each task condition. 798 

 799 

Figure 6. Contextual remapping of view representations. (A) Example View cells 800 

showing reorganized firing across contexts within a direction, while the rightmost cell 801 

showed stable view representations between contexts. For each cell, the unfolded view rate 802 

maps for each context (Forest, top; City, bottom) are shown with the across-context rate-map 803 
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correlation coefficient (r). (B) Across-context view rate-map correlations for all cells that 804 

encode view in at least one context, pooled across within-direction pairs (F-O with C-O, and 805 

F-I with C-I). Cells are classified as stable (dark gray) or remapping (light gray) by a 806 

permutation test (p < 0.05). (C) Proportional composition of View cells that were classified 807 

as view coding in the Forest context only, the City context only, or in both contexts (F & C), 808 

shown separately for the outbound and inbound directions. 809 

 810 

Figure 7. Conjunctive cells encoding both position and view information in the primate 811 

hippocampus during virtual navigation. (A) Representative Conjunctive cells. For each 812 

cell, a spike raster as a function of position (top), a spatial firing rate map (second row), the 813 

corresponding position firing-rate heat map (third row), and the unfolded view rate map 814 

(bottom) are shown. Text in red indicates the SI score for the position map and the VI score 815 

for the view map, each with its permutation-test p-value for the displayed condition. (B) 816 

Proportion of Conjunctive cells within each task condition (chi-square test; n.s., not 817 

significant). (C) Distributions of SI (position) and VI (view) scores for all Conjunctive cells, 818 

pooled across task conditions. (D) Distribution of position-firing stability for Conjunctive 819 

cells, quantified as Pearson correlation coefficients between position rate maps from odd and 820 

even laps; cells classified as stable (brown) or unstable (grey) based on a permutation test (p 821 

< 0.05). (E) Distribution of view-firing stability for Conjunctive cells, quantified as Pearson 822 

correlation coefficients between view rate maps from odd and even laps; cells classified as 823 

stable (green) or unstable (grey) based on a permutation test (p < 0.05). 824 

 825 

Figure 8. Functional contribution of position and view ensembles for population 826 

decoding. (A) Position decoding from the full recorded population. For each task condition, 827 

decoded position is plotted against actual position for held-out 250-ms samples from the 828 

Bayesian decoder, using all recorded cells in that condition. The diagonal line indicates no 829 

decoding error. The heat map below each scatter plot shows the mean decoding error at each 830 

position bin along the track. (B) Decoding advantage of the position ensemble (Position + 831 

Conjunctive cells). For each task condition, position-decoding error from the position 832 

ensemble is compared with that from a size-matched ensemble drawn from the non-position 833 

cells (View + Null). Filled circles indicate the mean difference in decoding error (comparison 834 

ensemble − position ensemble; y-axis, effect size in bins), and error bars indicate 95% 835 

confidence intervals across resampling repetitions; values > 0 indicate better (lower-error) 836 
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decoding by the position ensemble. (C) Neuron-dropping analysis under selective spike-train 837 

shuffling. Grand-mean decoding error across the four task conditions is plotted as a function 838 

of the number of neurons. At each population size n, n cells were sampled from the full 839 

population and decoded under four manipulations: Full ensemble (black), all spike trains 840 

intact; Position shuffled (red), spike trains of the position ensemble shuffled, abolishing their 841 

tuning while retaining the cells in the decoded population; Non-position shuffled (blue), spike 842 

trains of the remaining non-position cells shuffled; Chance (grey), all spike trains shuffled. 843 

Shaded bands indicate 95% confidence intervals (t-distribution, N = 4 conditions). (D) View 844 

decoding from the full recorded population. For each task condition, the mean view-decoding 845 

error for each location on the unfolded view box is shown as a heat map. (E) Decoding 846 

advantage of the view ensemble (View + Conjunctive cells); View-decoding error from the 847 

view ensemble is compared with that from a size-matched ensemble drawn from non-view 848 

cells (Position + Null), with conventions and statistics as in (B) (units in surface steps). (F) 849 

Neuron-dropping analysis under selective spike-train shuffling for view decoding, with 850 

conventions as in (C). View shuffled (red), spike trains of the view ensemble shuffled; Non-851 

view shuffled (blue), spike trains of the remaining non-view cells shuffled; units in surface 852 

steps.  853 



 

30 

References 854 

 855 

1. O’Keefe, J. & Nadel, L. The Hippocampus as a Cognitive Map. (Clarendon Press ; Oxford 856 

University Press, Oxford : New York, 1978). 857 

2. Tulving, E. & Markowitsch, H. J. Episodic and declarative memory: Role of the 858 

hippocampus. Hippocampus 8, 198–204 (1998). 859 

3. Moser, E. I., Kropff, E. & Moser, M.-B. Place Cells, Grid Cells, and the Brain’s Spatial 860 

Representation System. Annual Review of Neuroscience 31, 69–89 (2008). 861 

4. Epstein, R. A., Patai, E. Z., Julian, J. B. & Spiers, H. J. The cognitive map in humans: 862 

spatial navigation and beyond. Nat Neurosci 20, 1504–1513 (2017). 863 

5. McNaughton, B. L., Battaglia, F. P., Jensen, O., Moser, E. I. & Moser, M.-B. Path 864 

integration and the neural basis of the ‘cognitive map’. Nat Rev Neurosci 7, 663–678 865 

(2006). 866 

6. Grieves, R. M. & Jeffery, K. J. The representation of space in the brain. Behavioural 867 

Processes 135, 113–131 (2017). 868 

7. Ekstrom, A. D. et al. Cellular networks underlying human spatial navigation. Nature 425, 869 

184–188 (2003). 870 

8. Donoghue, T. et al. Single neurons in the human medial temporal lobe flexibly shift 871 

representations across spatial and memory tasks. Hippocampus 33, 600–615 (2023). 872 

9. Miller, J. F. et al. Neural Activity in Human Hippocampal Formation Reveals the Spatial 873 

Context of Retrieved Memories. Science 342, 1111–1114 (2013). 874 

10. Tsitsiklis, M. et al. Single-Neuron Representations of Spatial Targets in Humans. 875 

Current Biology 30, 245-253.e4 (2020). 876 

11. Wirth, S., Baraduc, P., Planté, A., Pinède, S. & Duhamel, J.-R. Gaze-informed, task-877 

situated representation of space in primate hippocampus during virtual navigation. PLOS 878 

Biology 15, e2001045 (2017). 879 

12. Corrigan, B. W. et al. View cells in the hippocampus and prefrontal cortex of 880 

macaques during virtual navigation. Hippocampus 33, 573–585 (2023). 881 

13. Rolls, E. T., Robertson, R. G. & Georges-François, P. Spatial View Cells in the 882 

Primate Hippocampus. European Journal of Neuroscience 9, 1789–1794 (1997). 883 

14. Rolls, E. T. Spatial view cells and the representation of place in the primate 884 

hippocampus. Hippocampus 9, 467–480 (1999). 885 



 

31 

15. Mao, D. et al. Spatial modulation of hippocampal activity in freely moving macaques. 886 

Neuron 109, 3521-3534.e6 (2021). 887 

16. Piza, D. B. et al. Primacy of vision shapes behavioral strategies and neural substrates 888 

of spatial navigation in marmoset hippocampus. Nat Commun 15, 4053 (2024). 889 

17. Xu, X., Du, K. & Mao, D. Spatial dissociation between recognition and navigation in 890 

the primate hippocampus. Science Advances 10, eado7392 (2024). 891 

18. Vericel, M. E., Baraduc, P., Duhamel, J.-R. & Wirth, S. Organizing space through 892 

saccades and fixations between primate posterior parietal cortex and hippocampus. Nat 893 

Commun 15, 10448 (2024). 894 

19. Martinez-Trujillo, J. Why do primates have view cells instead of place cells? Trends 895 

in Cognitive Sciences 29, 226–229 (2025). 896 

20. Martinez-Trujillo, J. & Piza, D. The Visual Umwelt of primates and Hippocampal 897 

Representations of Space. Hippocampus 36, e70053 (2026). 898 

21. Rolls, E. T. A Theory and Model of Scene Representations With Hippocampal Spatial 899 

View Cells. Hippocampus 35, e70013 (2025). 900 

22. Rolls, E. T. Hippocampal spatial view cells, place cells, and concept cells: View 901 

representations. Hippocampus 33, 667–687 (2023). 902 

23. Mao, D. Neural Correlates of Spatial Navigation in Primate Hippocampus. Neurosci. 903 

Bull. 39, 315–327 (2023). 904 

24. Wirth, S. A place with a view: A first-person perspective in the hippocampal memory 905 

space. Hippocampus 33, 658–666 (2023). 906 

25. Markus, E. et al. Interactions between location and task affect the spatial and 907 

directional firing of hippocampal neurons. J Neurosci 15, 7079–7094 (1995). 908 

26. McNaughton, B. L., Barnes, C. A. & O’Keefe, J. The contributions of position, 909 

direction, and velocity to single unit activity in the hippocampus of freely-moving rats. 910 

Exp Brain Res 52, 41–49 (1983). 911 

27. Frank, L. M., Brown, E. N. & Wilson, M. Trajectory Encoding in the Hippocampus 912 

and Entorhinal Cortex. Neuron 27, 169–178 (2000). 913 

28. Muller, R. U., Bostock, E., Taube, J. S. & Kubie, J. L. On the directional firing 914 

properties of hippocampal place cells. J. Neurosci. 14, 7235–7251 (1994). 915 

29. Bostock, E., Muller, R. U. & Kubie, J. L. Experience-dependent modifications of 916 

hippocampal place cell firing. Hippocampus 1, 193–205 (1991). 917 



 

32 

30. Thompson, L. T. & Best, P. J. Place cells and silent cells in the hippocampus of 918 

freely-behaving rats. J. Neurosci. 9, 2382–2390 (1989). 919 

31. Dong, C., Madar, A. D. & Sheffield, M. E. J. Distinct place cell dynamics in CA1 and 920 

CA3 encode experience in new environments. Nat Commun 12, 2977 (2021). 921 

32. Leutgeb, S., Leutgeb, J. K., Treves, A., Moser, M.-B. & Moser, E. I. Distinct 922 

Ensemble Codes in Hippocampal Areas CA3 and CA1. Science 305, 1295–1298 (2004). 923 

33. Muller, R. U. & Kubie, J. L. The effects of changes in the environment on the spatial 924 

firing of hippocampal complex-spike cells. J. Neurosci. 7, 1951–1968 (1987). 925 

34. Nishijo, H., Ono, T., Eifuku, S. & Tamura, R. The relationship between monkey 926 

hippocampus place-related neural activity and action in space. Neuroscience Letters 226, 927 

57–60 (1997). 928 

35. Ludvig, N., Tang, H. M., Gohil, B. C. & Botero, J. M. Detecting location-specific 929 

neuronal firing rate increases in the hippocampus of freely-moving monkeys. Brain 930 

Research 1014, 97–109 (2004). 931 

36. Courellis, H. S. et al. Spatial encoding in primate hippocampus during free 932 

navigation. PLOS Biology 17, e3000546 (2019). 933 

37. Hazama, Y. & Tamura, R. Effects of self-locomotion on the activity of place cells in 934 

the hippocampus of a freely behaving monkey. Neuroscience Letters 701, 32–37 (2019). 935 

38. Gulli, R. A. et al. Context-dependent representations of objects and space in the 936 

primate hippocampus during virtual navigation. Nat Neurosci 23, 103–112 (2020). 937 

39. Skaggs, W. E. & McNaughton, B. L. Computational approaches to hippocampal 938 

function. Current Opinion in Neurobiology 2, 209–211 (1992). 939 

40. Furuya, Y. et al. Place-related neuronal activity in the monkey parahippocampal gyrus 940 

and hippocampal formation during virtual navigation. Hippocampus 24, 113–130 (2014). 941 

41. Hori, E. et al. Place-related neural responses in the monkey hippocampal formation in 942 

a virtual space. Hippocampus 15, 991–996 (2005). 943 

42. Matsumura, N. et al. Spatial- and Task-Dependent Neuronal Responses during Real 944 

and Virtual Translocation in the Monkey Hippocampal Formation. J. Neurosci. 19, 2381–945 

2393 (1999). 946 

43. O’Keefe, J. & Dostrovsky, J. The hippocampus as a spatial map. Preliminary 947 

evidence from unit activity in the freely-moving rat. Brain Research 34, 171–175 (1971). 948 

44. Wilson, M. A. & McNaughton, B. L. Dynamics of the Hippocampal Ensemble Code 949 

for Space. Science 261, 1055–1058 (1993). 950 



 

33 

45. Acharya, L., Aghajan, Z. M., Vuong, C., Moore, J. J. & Mehta, M. R. Causal 951 

Influence of Visual Cues on Hippocampal Directional Selectivity. Cell 164, 197–207 952 

(2016). 953 

46. Rich, P. D., Liaw, H.-P. & Lee, A. K. Large environments reveal the statistical 954 

structure governing hippocampal representations. Science 345, 814–817 (2014). 955 

47. Lever, C., Wills, T., Cacucci, F., Burgess, N. & O’Keefe, J. Long-term plasticity in 956 

hippocampal place-cell representation of environmental geometry. Nature 416, 90–94 957 

(2002). 958 

48. Shin, J., Lee, H.-W., Jin, S.-W. & Lee, I. Subtle visual change in a virtual 959 

environment induces heterogeneous remapping systematically in CA1, but not CA3. Cell 960 

Reports 41, (2022). 961 

49. Fenton, A. A. et al. Unmasking the CA1 Ensemble Place Code by Exposures to Small 962 

and Large Environments: More Place Cells and Multiple, Irregularly Arranged, and 963 

Expanded Place Fields in the Larger Space. J. Neurosci. 28, 11250–11262 (2008). 964 

50. Ainge, J. A., Tamosiunaite, M., Woergoetter, F. & Dudchenko, P. A. Hippocampal 965 

CA1 Place Cells Encode Intended Destination on a Maze with Multiple Choice Points. J. 966 

Neurosci. 27, 9769–9779 (2007). 967 

51. Zemla, R., Moore, J. J., Hopkins, M. D. & Basu, J. Task-selective place cells show 968 

behaviorally driven dynamics during learning and stability during memory recall. Cell 969 

Reports 41, (2022). 970 

52. Rolls, E. T. Hippocampal Discoveries: Spatial View Cells, Connectivity, and 971 

Computations for Memory and Navigation, in Primates Including Humans. Hippocampus 972 

35, e23666 (2025). 973 



Eye tracking
system

LED TV

Joystick

Restraint
chair

Neural data
acquisition

Reward
tube

A B C
Outbound

Inbound

Outbound

Inbound

Lap start / end RotaryTrial location

F
o
re
s
t

C
it
y

D

Fixation point in 3D View box

Fixation point in 2D screen

Monkey eye position

Field of view

670

Fixation
counts

0

E

F
o
re
s
t

C
it
y

In

Out

Bottom
Right

Left

Top

(i) (ii)

(iii)



Cell 217 | Forest Outbound Cell 218 | Forest Inbound

F
R

0

F
R

0

F
R

0

F
R

0

10-2

6

Δ 
LL

H
/b

in

Cell 125 | City Inbound

F
R

0

F
R

0

10-2

1.5

F
R

0

F
R

0

Cell 233 | Forest Outbound

F
R

0

F
R

0

10-3

0

10

Δ 
LL

H
/b

in
F
R

0

F
R

0

Cell 038 | City Outbound

F
R

0

F
R

0

10-2

0

3

Δ 
LL

H
/b

in
F
R

0
F
R

0

Cell 031 | Forest Outbound

F
R

0

F
R

0

Δ 
LL

H
/b

in
F
R

0

F
R

0

A

Lap start / end Rotary

F
o

re
s
t

C
it

y

Outbound

Inbound

Outbound

Inbound

Left

Bottom

Right

Top

OutIn

F
R

0

F
R

0

10-2

0

2

Δ 
LL

H
/b

in

Positi
on

View

Conjunctiv
e

F
R

0

F
R

0

2.4

0

2.7

0

Position

Position

Position

Position

F

View
ConjunctivePosition
Null

Forest City

19.2

21.2

12.5

47.1

Inbound

10.7

26.2

5.8

57.3

Outbound OutboundInbound

19.6

25.5

8.8

46.1

14.4

25.0

53.8

6.8

E

Non-spatial cell
Spatially modulated cell

87.7

12.3

Vi
ew

 in
fo

rm
at

io
n 

sc
or

e

H

0

0

Position

Position

Position

Position

0

0

Δ 
LL

H
/b

in

Position

Position

Position

Position

Position

Position

Position

Position

10-2

0

5

Position

Position

Position

Position

Position

Position

Position

Position

(i) (ii)

B

9

8.7

3.5

2.7

2.7

2.4 0.9

9.3

9.6

10-2Fi
rin

g
ra

te

C

4.2

3.3

5.7

4.8

1.5

1.2

1.2

1.2

D

7.2

6

4.6

4.3

4.8

3.9

5.1

4.2

3.6

0

4.5

0

1.2

0

1.5

0

4.5

0

5.4

0

6.6

0

7.8

0

1.5

G

Sp
at

ia
l i

nf
or

m
at

io
n 

sc
or

e

Positi
on

View

Conjunctiv
e

0

1.2

1.0

0.8

0.6

0.4

0.2

Positi
on

View

Conjunctiv
e

Fi
rin

g
ra

te
Fi

rin
g

ra
te

Fi
rin

g
ra

te

Fi
rin

g
ra

te
Fi

rin
g

ra
te

Fi
rin

g
ra

te
Fi

rin
g

ra
te

Fi
rin

g
ra

te
Fi

rin
g

ra
te

Fi
rin

g
ra

te
Fi

rin
g

ra
te

(i)

(iii)

(v)
(ii)

(iv)

(i)

(iii)

(v)
(ii)

(iv)

(i)

(iii)

(v)
(ii)

(iv)

(i)

(iii)

(v)
(ii)

(iv)

(i)

(iii)

(v)
(ii)

(iv)

(i)

(iii)

(v)
(ii)

(iv)

(i)

(iii)

(v)
(ii)

(iv)

C
el

l p
ro

po
rti

on
 (%

)

C
el

l p
ro

po
rti

on
 (%

)

Positi
on

View

Conjunctiv
e

Positi
on

View

Conjunctiv
e

Positi
on

View

Conjunctiv
e

Positi
on

View

Conjunctiv
e

Positi
on

View

Conjunctiv
e

0

1.2

1.0

0.8

0.6

0.4

0.2



1

42

2

0

Cell 275 | City Inbound

Position

SI = 0.31, p < 0.001

0

1.6

1

60

5.5

0

Cell 132 | Forest Inbound

Position

SI = 0.51, p < 0.001

0

5.3

3

0

0

2.9

1

53

Cell 024 | Forest Outbound

SI = 0.16, p < 0.001

Position

F
R

5

0

0

4.9

1

46

Cell 038 | Forest Outbound

SI = 0.07, p < 0.001

Position

F
R

A

1

53

1.5

0

Cell 008 | Forest Outbound

Position

SI = 0.43, p < 0.001

0

1.3

F
R

B
F

R
0

1

65

3

0

Cell 277 | Forest Inbound

SI = 0.40, p < 0.001

2.6

Position
F

R
F

R

2

0

1

64

Cell 279 | City Outbound

SI = 0.16, p < 0.001

0

1.8

Position

F
R

1

70

7.5

0

Cell 229 | City Outbound

SI = 1.02, p < 0.001

0

7.4

Position

F
R

2.5

0

1

62

Cell 032 | City Outbound

SI = 0.11, p < 0.001

0

2.4

Position

F
R

F
R

1

70

31

0

Cell 229 | City Inbound

SI = 1.11, p < 0.001

Position
0

30

F
R

1

50

0

Cell 308 | City Inbound

SI = 0.07, p < 0.01

0

1.5

Position

F
R

Max

FR

Min

F

C
e

ll 
#

F - O

Position

1

20

C - O
1

20

Position

F - I
1

15

Position

1

11

Position

C - I

Lap start / end Rotary

1

50

6

0

Cell 311 | Forest Inbound

SI = 0.07, p < 0.001

0

5.6

Position

1

E

71.2%

28.8%

P
ro

p
o
rt

io
n
 (

%
)

0.15

0
-1 0

Stability
(Odd vs. Even)

Position
Unstable

Stable
D

C
o
u
n
ts

Spatial information score

1
0

5

15

10

>10.25 0.75

C

19.0

10.7

P
ro

p
o
rt

io
n
 (

%
)

0

14.4

n.s.

19.6

30

F-O F-I C-O C-I

L
a
p

F
ir
in

g
 r

a
te

L
a
p

F
ir
in

g
 r

a
te

L
a
p

F
ir
in

g
 r

a
te

L
a
p

F
ir
in

g
 r

a
te

L
a
p

F
ir
in

g
 r

a
te

L
a
p

F
ir
in

g
 r

a
te

L
a
p

F
ir
in

g
 r

a
te

L
a
p

F
ir
in

g
 r

a
te

L
a
p

F
ir
in

g
 r

a
te

L
a
p

F
ir
in

g
 r

a
te

L
a
p

F
ir
in

g
 r

a
te

L
a
p

F
ir
in

g
 r

a
te



0 1.6
Position

F-I

C-I

Cell 275 | F-I & C-I

r = 0.27

0 1.5

Position

F-I

C-I

r = 0.43

0 9.3

0 0.5

Position

F-O

C-O

Cell 201 | F-O & C-O

r = 0.86

0 1.0

0 6.8
Position

F-O

C-O

Cell 218 | F-I only

Cell 279 | C-O only 0 0.8

0 1.8

r = -0.11

D F

Out In

25.0
8.3

37.5

54.2

35.7

37.5

Forest

F & C

City

Position

C-O

C-I

r = 0.02

0 3.7

0 0.5

A

Position

F-O

F-I

r = 0.05

0 2.9

0 2.2
Position

F-O

F-I

Cell 294 | F-O & F-I 0 11

0 9.6

Cell 009 | C-O only

Cell 024 | F-O only

r = -0.01

Position

F-O

F-I

Cell 163 | F-O & F-I

r = 0.64

0 1.8

0 1.5

Inbound

Out & In

Outbound

Forest City

51.6

35.5

12.9

25.9

14.8

59.3

CB
Outbound & Inbound

90.7%

9.3%

Remap

Stable

P
ro

p
o
rt

io
n
 (

%
)

0.2

0
0-1 1

Correlation coefficient (r)

Remap Stable

E
Forest & City

49.1%

50.9%

Remap

Stable

Correlation coefficient (r)

Remap Stable

P
ro

p
o
rt

io
n
 (

%
)

0.16

0
0-1 1



B

Position

Cell 249 | Forest Inbound

VI = 0.31, p < 0.001

0

3.7

F
R

Cell 334 | Forest Inbound

VI = 0.28,  p < 0.001

Position

0

3.3

F
R

Cell 24 | Forest Inbound

VI = 0.08, p < 0.001

Position

0

2.4

F
R

Cell 253 | Forest Outbound

Position

VI = 0.54, p < 0.01

0

1.8

F
R

Lap start / end Rotary

A Cell 135 | Forest Outbound

Position

VI = 0.21, p < 0.001

L

B

R

T

I O

0

4.1
F

R

Cell 192 | Forest Outbound

Position

VI = 0.09, p < 0.01

0

2.3

F
R

Cell 083 | City Outbound

Position

VI = 0.32, p < 0.001

0

5.4

F
R

Cell 125 | City Outbound

VI = 0.51, p < 0.001

Position

0

16.2

F
R

Cell 296 | City Outbound

Position

VI = 0.1, p < 0.001

0

4.42

F
R

Position

Cell 297 | City Inbound

VI = 0.27, p < 0.001

0

4.7

F
R

Cell 233 | City Inbound

VI = 0.99, p < 0.001

Position

0

0.8

F
R

Cell 323 | City Inbound

VI = 0.12, p < 0.001

Position

0

4.6

F
R

F

Sum of normalized rate maps 0 Max

F - O

Position

C - O

Position

F - IF - I

Position

C - I

Position

40.6%

E

59.4%

Spatial view
Unstable

StableDC

21.0

26.225.025.5

1

P
ro

p
o
rt

io
n
 (

%
)

0.25

0
-1 0

Stability
(Odd vs. Even)

C
o
u
n
ts

View information score

1
0

5

25

15

>10.25 0.75

P
ro

p
o
rt

io
n
 (

%
)

0

n.s.

30

F-O F-I C-O C-I

25



A

r = -0.02

Cell 335 | C-I only Cell 249 | F-I & C-I Cell 083 | F-O & C-O

Position Position Position

30 3.70 4.60

2.10 5.403.60

C

Out In

Forest

F & C

City

23.1 26.2

38.1

35.7

33.3

43.6

B
Forest & City

Remap Stable

65.8%

34.2%

Remap

Stable

P
ro

p
o
rt

io
n
 (

%
)

0.12

0
0-1 1

Correlation coefficient (r)

F-I

C-I

F-I

C-I

F-O

C-O

r = 0.31 r = 0.85



A

6

0

1

40

Cell 334 | City Outbound

SI = 0.47, p < 0.001

0

5.7

Position

1

71

12

0

Cell 231 | Forest Outbound

Position

SI = 0.78, p < 0.001

0

12.3

1

85

5.5

0

Cell 200 | City Inbound

Position

SI = 0.26, p < 0.001

0

5.2

1

62

3.5

0

Cell 032 | Forest Inbound

Position

SI = 0.25, p < 0.001

0

3.3

VI = 0.17, p < 0.01VI = 0.12, p < 0.001 VI = 0.93, p < 0.001VI = 0.71, p < 0.001

Position

L

B

R

T

I O

0

8.2

F
R

Position

0

2.3

F
R

Position

0

3.6

F
R

Position

0

17

F
R

F
R

F
R

F
R

F
R

5.8

12.4

6.7
8.8

B
n.s.

C E

28.6%

71.4%

Spatial view
Unstable

StableD

11.4%

88.6%

Position
Unstable

Stable

VI

SI

1

P
ro

p
o
rt

io
n
 (

%
)

0.3

0
-1 0

Stability
(Odd vs. Even)

C
o
u
n
ts

Information score

1
0

7

14

>10.25 0.75

P
ro

p
o
rt

io
n
 (

%
)

0

20

F-O F-I C-O C-I 1

P
ro

p
o
rt

io
n
 (

%
)

0.3

0
-1 0

Stability
(Odd vs. Even)

L
a
p

F
ir
in

g
 r

a
te

L
a
p

F
ir
in

g
 r

a
te

L
a
p

F
ir
in

g
 r

a
te

L
a
p

F
ir
in

g
 r

a
te



A
D

e
c
o
d
e
d
 p

o
s
it
io

n

Actual position
0% 95%Decoding error

F - O F - I C - O C - I

0% 95%Decoding error

D

P
o

s
it
io

n

F - O
P

o
s
it
io

n
C - O

P
o

s
it
io

n

F - I C - I

P
o

s
it
io

n

E

F-O F-I C-O

E
ff
e
c
t 
s
iz

e
 (

S
u
rf

a
c
e
 s

te
p
s
)

0

2

4

C-I

0
0

10

30

20
D

e
c
o
d
in

g
 e

rr
o
r 

(b
in

)

F-O F-I C-O C-I

E
ff
e
c
t 
s
iz

e
 (

b
in

)

0

5

15

10

B C

20 40 60 80 100

Full ensemble

Position shuffled

Non-position shuffled

Chance

4
0

6

12

10

8

D
e
c
o
d
in

g
 e

rr
o
r 

(S
u
rf

a
c
e
 s

te
p
s
)

20 40 60 80 100

F

Full ensemble

View shuffled

Non-view shuffled

Chance

Number of neurons for decoding

Number of neurons for decodingTask conditions

Task conditions



Supplementary Files

This is a list of supplementary files associated with this preprint. Click to download.

Supplementaryinformation20260623.docx

https://assets-eu.researchsquare.com/files/rs-10145955/v1/7a6cc460411532197dde4070.docx

