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Significance 

 This study reveals a functional 
variance in the retrosplenial 
cortex (RSC) for spatial 
processing. Using calcium 
imaging in mice, researchers 
found the anterior RSC (aRSC) 
predominantly encodes 
egocentric boundary vectors. In 
contrast, the posterior RSC 
(pRSC) integrates this egocentric 
information with head-direction 
to create sharpened allocentric 
boundary representations. 
Crucially, the function of a 
specific neuronal subpopulation 
projecting to the medial 
entorhinal cortex (RSC→MEC) 
was identified. These cells form 
more abstract, global allocentric 
representations, enriching spatial 
information for downstream 
navigation circuits. This refines 
hierarchical spatial processing 
models, highlighting subregion-  
and projection-specific 
computations within the RSC. 

The transformation from egocentric to allocentric spatial coordinates is a critical process  
in neural spatial computation. The retrosplenial cortex (RSC) is hypothesized to serve as  
a central hub for this conversion, bridging egocentric perceptual inputs with allocentric  
representations in hippocampal and parahippocampal circuits. However, the regional and  
projection- specific organization of this function within the RSC remains poorly defined.  
In this study, we employed two- photon calcium imaging in freely navigating mice to  
dissect RSC spatial coding. We identified functional differences along the anteroposterior  
axis: the anterior RSC (aRSC) was predominantly characterized by egocentric boundary  
vector (EBV) coding, whereas the posterior RSC (pRSC) exhibited enhanced allocentric  
boundary representation. And it reveals that egocentric boundary vector cells (EBVCs) in  
the pRSC possess broader egocentric tuning than those in the aRSC. Despite this, pRSC  
shows tighter integration of allocentric head direction information, which converges  
specifically onto specialized conjunctive cells, resulting in a more selective boundary  
representation. Crucially, this work identifies functional differences along the RSC, where  
spatial coding transforms from more egocentric in aRSC to more allocentric in pRSC.  
Furthermore, it defines a specialized RSC to medial entorhinal cortex (MEC) projection  
pathway that is enriched for these global- tuned, conjunctive neurons, providing the MEC  
with a highly integrated, world- referenced spatial signal for constructing cognitive maps.  
Our findings elucidate a functional variance and projection- specific circuitry within the  
RSC, providing experimental evidence for models of hierarchical spatial processing. 

retrosplenial cortex | | | spatial navigation   egocentric and allocentric coding   neural circuits 

 The mammalian brain constructs spatial maps through a hierarchical system, progressing  
from sensory-driven, egocentric encoding of local cues in parietal areas to abstract, allocentric  
cognitive maps in the hippocampus (1–4). A central computational challenge in this process  
is building a stable, world-centered (allocentric) map from transient, self-centered (egocen-
tric) sensory inputs. The retrosplenial cortex (RSC), positioned at a pivotal point within  
this hierarchy, is strongly implicated as a critical hub for transforming egocentric information  
into an allocentric reference frame (5–7), given its dense bidirectional connectivity with  
both egocentric and allocentric processing centers (5, 8, 9). Supporting this, RSC lesions  
impair navigation requiring either allocentric (10) or egocentric (11) strategies, underscoring  
its role in integrating diverse spatial features to guide behavior. A primary theoretical bridge  
for this transformation involves egocentric boundary vector cells (EBVCs), which are thought  
to encode a real-time, egocentric vector map of distances to environmental boundaries   
(12, 13). By integrating this information with self-motion cues, the brain can infer stable,  
allocentric boundary positions, forming a foundational scaffold that anchors hippocampal  
place fields and calibrates entorhinal grid cell metrics (14, 15). However, how the RSC  
specifically contributes to this process along its anterior–posterior axis remains unclear. 

Anatomical evidence suggests a potential anterior–posterior gradient of functional spe -
cialization within the RSC (16–20). While projections from spatially modulated structures  
show topographic organization along the RSC A-P axis, the functional implications of 
this organization remain unclear. 

 A major output target of the posterior RSC (pRSC) is the medial entorhinal cortex (MEC),  
a key site for spatial computation where grid cells, border cells, and head direction cells  
 collectively encode environmental geometry and self-motion (21–25). Anatomical tracing  
studies confirm topographically organized projections from the posterolateral RSC to the MEC   
(16, 18, 26–32). Despite this, the functional logic of these RSC→MEC projections is unclear.  
Critical questions persist: Do RSC subregions differentially process boundary-related signals?  
How is this information selectively routed to MEC microcircuits? Specifically, it is unknown  D
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whether RSC→MEC projection neurons simply relay spatial signals  
or actively transform information through local integration.  
Resolving these questions is fundamental to understanding how the  
RSC-MEC network supports dynamic spatial representations during  
navigation. 

T o address these gaps, we combined two-photon imaging in  
freely behaving mice with projection-specific functional analysis.  
Using generalized linear model (GLM), we systematically quan-
tified the prevalence of EBVCs and conjunctive coding [e.g., head  
direction (HD) × boundary tuning] across the anterior and pos-
terior RSC. This approach allowed us to investigate spatial trans-
formation of egocentric boundary and allocentric head-direction  
encoding. Furthermore, we compared RSC→MEC projecting  
neurons with the general RSC population to elucidate functional  
segregation along the anteroposterior axis and characterize the  
nature of spatial information transmitted to the MEC. 

Results 

EBVCs in pRSC Exhibit Distinct Egocentric Tuning Properties 
Compared to aRSC. Given the distinct anatomical inputs to 
anterior RSC (aRSC) and pRSC, we hypothesized they would 
exhibit differential spatial coding properties. We specifically 
targeted the posterolateral pRSC subregion which projects to the 
MEC and compared it to aRSC using microendoscopic calcium 
imaging in mice navigating an open-field  arena (Fig. 1 A–C  and 
SI Appendix, Fig. S1 A and B). 

W e identified multiple functional cell types related to spatial 
navigation in both subregions, including EBVCs (12), angular 
head velocity cells (AHVCs) (33), place cells (PCs), and speed 
cells (SCs) (33) (Fig. 1  D–K and SI A ppendix, Fig. S2  A–F). The 
most pronounced difference between subregions was observed in 
EBVCs. Compared to aRSC, pRSC EBVCs displayed significantly  
broader egocentric tuning, evidenced by a reduced mean resultant  
length (MRL) (Fig. 1  D and E). pRSC EBVCs also showed smaller  
receptive field sizes (Fig. 1 E), but did not differ in the distribution  
of their firing fields (SI A ppendix, Fig. S2  G–I). 

 Due to the large imaging field, it is unable to precisely assign 
laminar identities to each region within every field of view. 
Therefore, we do not demonstrate laminar-specific functional 
distribution in this work.  

pRSC Exhibits Enhanced Population-Level  Conjunctive Coding 
Despite Fewer Functional Neurons. Having established a 
difference in egocentric tuning at the single- cell level, we next 
asked whether this extends to population- level coding strategies. 
We investigated allocentric boundary coding by identifying 
boundary distance cells (BDCs), which fire at specific distances 
from environmental boundaries. The aRSC showed significantly 
higher proportions of PCs and BDCs (Fig. 1L). Although the 
pRSC contained a lower overall proportion of functionally tuned 
neurons compared to the aRSC (SI Appendix, Fig. S2J), and the 
percentages of all 15 possible pairwise conjunctive coding cell 
types were correspondingly reduced in the total population 
(Fig.  1M), pRSC demonstrated higher overlap index and 
more conjunction types with observed cell counts significantly 
exceeding expected values (SI Appendix, Fig. S2K). This finding 
suggests that though pRSC encodes spatial coding more sparsely, 
it integrates information across different modalities within its 
neuronal population. 

pRSC Displays Enhanced Selectivity for Allocentric Boundary 
Identity. The observed conjunctivity in pRSC prompted us to 
investigate its functional consequence. We focused on BDCs and 

found that while the spatial information and peak firing locations 
of BDCs were similar between aRSC and pRSC (Fig. 2 A–D), 
the posterior region had a significantly lower proportion of BDCs 
(Fig.  1L). This resulted in a significantly higher decoding error for 
boundary distance in the posterior group (Fig. 2E). 

T o further dissect their functional profiles, BDCs were classified  
into BDCnear and BDCfar subgroups, to make the subsequent 
selectivity analysis more representative. These subgroups showed 
comparable spatial information at the population level between 
aRSC and pRSC (Fig. 2 F and SI A ppendix, Fig. S3  A–C). 
Interestingly, the posterior BDCnear population exhibited a sig-
nificantly higher selectivity index than its anterior counterpart, 
indicating that pRSC encodes more specific information about 
boundary identity (Fig. 2  G−I and SI A ppendix, Fig. S3 D). 

Allocentric Head Direction Information Is More Converged on  
EBVCs in Posterior than in aRSC.  We next sought to determine how  
pRSC achieves this coding specificity. We found that the key lies  
not in the general HD cell (HDC) population, but in a specialized  
subset: the EBVC×HDC conjunctive cells. We hypothesized that  
the enhanced boundary selectivity in pRSC could result from a  
greater integration of allocentric HD information into its boundary  
coding. A conceptual model suggests that an EBVC tuned to a  
specific egocentric boundary will only fire when the animal faces a  
direction that brings that boundary into its receptive field, creating  
an allocentric, boundary- selective response (9) (Fig. 3A). We indeed  
found  EBVC×HDC  conjunctive  cells  in  both  regions  that  exhibited  
such boundary- selective firing (Fig. 3B and SI Appendix, Fig. S4A). 

T o test this hypothesis quantitatively, we used a GLM to dissect  
the contribution of allocentric HD (allo HD), egocentric bound-
ary (ego), allocentric position (allo loc), and speed inputs to neu-
ronal firing (Fig. 3 C). Excluding allo HD inputs had a more 
detrimental effect on the model’s performance for pRSC EBVCs, 
while excluding ego inputs had a greater impact on aRSC EBVCs 
(Fig. 3 D). 

 At total population level, this differential input reliance revealed  
a clear anterior–posterior dichotomy with greater allo HD input 
influence in anterior total population than in posterior total pop-
ulation (Fig. 3 E). Consistent with these observations, the anterior  
population demonstrated significantly stronger modulation by 
both allo pos and ego inputs compared to the posterior popula-
tion, but there are no significant differences between aRSC and 
pRSC neurons’ firing prediction when speed predictor excluded 
(SI A ppendix, Fig. S4 B). 

 Though the performance of the pRSC total population dropped  
less than that of aRSC when allo HD input was excluded, EBVC 
subpopulations showed no interregional differences in their 
dependence on allo HD signals. This indicates that while overall 
allo HD coding is effectively diluted posteriorly, EBVCs retain 
their coding capabilities, enabling a local integration where allo 
HD information is concentrated more effectively onto posterior 
EBVCs rather than being separated into distinct cell populations 
(Fig. 3 F). As for other spatial information types, EBVCs showed 
no preferential encoding (SI A ppendix, Fig.  S4C). Further analysis  
revealed subregion-specific integration strategies: anterior EBVCs 
depended significantly less on allo HD inputs compared to local 
non-EBVCs (Fig. 3 G), whereas posterior EBVCs and non-EBVCs  
exhibited comparable dependence (Fig.  3H). This contrast clarifies  
that although EBVCs across regions are similarly dependent on 
allo HD signals, the pRSC network integrates this information 
differently, effectively converging allo HD information onto 
EBVCs. At the single-cell level, the posterior EBVC population 
exhibited a significantly stronger bias toward relying on allo HD 
information (SI A ppendix, Fig. S4  D and E). 

2 of 12  pnas.org  https://doi.org/10.1073/pnas.2600565123

D
ow

nl
oa

de
d 

fr
om

 h
ttp

s:
//w

w
w

.p
na

s.
or

g 
by

 P
E

K
IN

G
 U

N
IV

E
R

SI
T

Y
 o

n 
A

ug
us

t 3
, 2

02
6 

fr
om

 I
P 

ad
dr

es
s 

22
2.

29
.6

5.
22

7.

http://www.pnas.org/lookup/doi/10.1073/pnas.2600565123#supplementary-materials
http://www.pnas.org/lookup/doi/10.1073/pnas.2600565123#supplementary-materials
http://www.pnas.org/lookup/doi/10.1073/pnas.2600565123#supplementary-materials
http://www.pnas.org/lookup/doi/10.1073/pnas.2600565123#supplementary-materials
http://www.pnas.org/lookup/doi/10.1073/pnas.2600565123#supplementary-materials
http://www.pnas.org/lookup/doi/10.1073/pnas.2600565123#supplementary-materials
http://www.pnas.org/lookup/doi/10.1073/pnas.2600565123#supplementary-materials
http://www.pnas.org/lookup/doi/10.1073/pnas.2600565123#supplementary-materials
http://www.pnas.org/lookup/doi/10.1073/pnas.2600565123#supplementary-materials
http://www.pnas.org/lookup/doi/10.1073/pnas.2600565123#supplementary-materials
http://www.pnas.org/lookup/doi/10.1073/pnas.2600565123#supplementary-materials


 

Fig. 1.     Spatial related cell type population among anterior–posterior RSC. (A) The projection frame of the circuitry inputs of RSC. Adapted from https://brain- 
map.org. (B) Imaging sites in anterior and posterior part of RSC. Left: The green region represents the range of RSC. Each line represents a specific position 
of a sagittal imaging plane in RSC in an individual mouse. Blue: The sites of anterior total population imaging (N = 3, n = 920). Yellow: The sites of posterior 
total population imaging (N = 3, n = 1,263). Orange: The sites of RSC→MEC subpopulation imaging (posterior location) (N = 6, n = 534). (C) Recording example 
of anterior and posterior RSC imaging. Left: Post hoc histology validation of the imaging sample. (Scale bar, 200 mm.). Middle: Field of view (FOV) of the 
sample. (Scale bar, 100 μm.) Right: Calcium trace of sample cells recorded in the FOV. Gray trace: raw ΔF/F. Colored trace: denoised ΔF/F. Vertical lines below: 
deconvolved calcium events. Vertical Scale bar, dF/F = 2. Horizontal Scale bar, t = 10 s. (D) EBVC samples in anterior and posterior RSC. Upper: The ratemap 
in egocentric coordinate. Lower: The firing events plot colored by the corresponding head direction. Gray trace represents the trajectory of the mouse in the 
session. Inset: reference color of head direction. P: peak rate, F: front, B: behind,  L: left, R: right. (E) The comparisons of the properties of EBVC between anterior 
and posterior RSC (aRSC n = 236, pRSC n = 184). Upper: MRL of EBVCs (Welch’s t  test, P  < 0.0001). Lower: Logarithmic field size in egocentric ratemap of EBVCs 
(Welch’s t  test, P  = 0.0188). (F) PC samples in anterior and posterior RSC showed by the ratemap. Info: spatial information. (G) Spatial information of PC in 
anterior and posterior RSC (Welch’s t  test, P  = 0.1702; aRSC n = 156, pRSC n = 97). (H) SC samples in anterior and posterior RSC showed by the speed tuning curve. 
(I) Speed score of SC in anterior and posterior RSC (Welch’s t  test, P  = 0.4436; aRSC n = 378, pRSC n = 486). (J) AHVC samples in anterior and posterior RSC showed 
by the speed tuning curve. Upper  shows unidirectional AHVC samples, while Lower  shows bidirectional AHVC samples. CW: clock- wise; CCW: counterclockwise. 
(K) Speed score of positive tuned AHVC (Upper, Welch’s t  test, P  = 0.1884; aRSC n = 167, pRSC n = 440) and negative tuned AHVC (Lower, Welch’s t  test, P  = 0.3366; 
aRSC n = 383, pRSC n = 231) in anterior and posterior RSC. (L) The proportion of functional cell types mentioned in this project in each recording of anterior (N 
= 5) or posterior (N = 4) RSC (Welch’s t  test, EBVC: P  = 0.0844; PC: P  = 0.0222; SC: P  = 0.4275; AHVC: P  = 0. 3746; HDC: P  = 0.5408; BDC: P  = 0.0411). (M) The overall 
proportion of two- type conjunctive coding. The width of the line represents the proportion of the conjunctive cells in total population. The distance from the 
center to each cell types represents the proportion of the specific cell type in all population (the proportion is shown in number below the cell type names). Inset: 
proportion of the two- type conjunctive coding cell types in anterior and posterior RSC, corresponding to the line width in the hexagon (paired t  test, P  = 0.0004). 
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Fig. 2.     The properties of BDC and the related boundary selective differences between anterior and posterior RSC. (A) The illustration of the calculation of 
boundary- distance tuning. Gray dashed line: boundary distance bin. Red dashed line: a specific boundary- distance bin. (B) BDC samples. Upper: 2D ratemap. 
Lower: 1D overall ratemap calculated by boundary distance bins. P: peak rate. Info: spatial information in 1D ratemap. (C  and D) The comparisons of the 
properties of BDC between anterior and posterior RSC. (C) Spatial information of BDCs on 1D ratemap (Welch’s t  test, P  = 0.3468). (D) Peak bin distribution on 
boundary distance (Kolmogorov–Smirnov test, P  = 0.8183). (E) MAE of decoding using 50 random cells in each session (Mann–Whitney test, P  = 0.0028). (F) Spatial 
information of BDCnears on 2D ratemap (Welch’s t  test, P  = 0.0965). (G) Illustration of the 4 subfields in a square open field divided by the nearest boundary. 
The 4 triangle fields filled with different colors represents the 4 subfields separately. (H) Cell samples of boundary nonspecific BDCnear and boundary specific 
BDCnear. Left  of each cell sample: 2D ratemap. Inset: boundary- distance tuning  curve and 1D ratemap (the same format as in panel A  and B). Right  of each cell 
sample: 1D ratemap in 4 subregions separately. Select: selectivity index. (I) Selectivity Index of BDCnears (Mann–Whitney test, P = 0.0031). 

A Transformation from Egocentric to Allocentric Coding in  
Anterior to Posterior Boundary Circuits. This integration bias was  
particularly pronounced in boundary-selectiv e BDCnear populations,  
supporting their role in representational transformation. Returning  
to the EBVC×HDC boundary- selectivity hypothesis, we examined  
allo HD effecting strength in BDCnear populations. Indeed,  
posterior BDCnear showed stronger allo HD input dependence  
and weaker ego input modulation than anterior counterparts  
(Fig. 3 I and J). Similarly, at the single- cell level of sensitivity to  
allo HD/ego inputs, the anterior BDCnear population showed no  
significant differences in response to the exclusion of allo HD or ego  
information inputs, whereas such differences were observed in the  
posterior BDCnear population, indicating that posterior BDCnear  
cells exhibit a stronger bias in their dependency on allo HD/ego  
information (SI Appendix, Fig. S4F). Furthermore, the distribution  
of info-dependent bias  in posterior BDCnear cells displayed a  
significant leftward shift compared to that of anterior BDCnear  
cells (SI Appendix, Fig. S4G). These findings suggest that posterior  
BDCnear cells likely inherit the properties of EBVCs enriched for  
allocentric HD information processing, thereby developing a more  
allocentric-biased boundar y representation. 

Enhanced Boundary Selectivity in pRSC Arises from Integration 
of Allocentric Head Direction Signals.  We next asked how pRSC 
achieves this enhanced integration. We found that while the 
basic properties of pure HDCs were similar across subregions 
(SI Appendix, Fig. S5A), the EBVC×HDC conjunctive cells in 
pRSC were functionally superior. This was evidenced by their 
significantly higher reliance on allo HD input compared to their 
anterior counterparts (Fig. 4A). Consistently, conjunctive cells in 
pRSC exhibited significantly higher mean vector length (MVL) 
and stability for allocentric HD tuning compared to both anterior  
conjunctive cells and pure HDCs within pRSC (Fig.  4 B  and 
C and SI  Appendix, Fig.  S5B). This functional enhancement 
of allocentric HD coding was specific to conjunctive cells and 
not seen in the overall population (Fig. 4 A–C), suggesting that 
pRSC selectively recruits cells with higher-quality  allocentric HD 
information for conjunctive encoding. 

 This superiority directly translated to function. We compared 
conjunctive cells to pure cell types within each subregion. The 
proportion of conjunctive cells in the HDC and EBVC population  
was significantly lower in pRSC than in aRSC (Fig. 4  D and G), 
although the difference was small (chi-squared test, P = 0.0257).  
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Fig. 3.     GLM shows anterior and posterior EBVC differently influenced by allo HD and ego information input. (A) Illustration of the reasoning that EBV × HD 
tuning will lead to a boundary specific firing pattern in allocentric 2D ratemap. The central square represents a typical discharge pattern of an EBVC. The squares 
within the surrounding gray-shaded  regions depict discharge patterns of head-direction  cells, specifically tuned to different directional preferences (indicated 
by the labels below each square). (B) Cell samples of conjunctive cells. Top  of each cell: ratemap in egocentric coordinate. Second: head direction tuning curve 
(black curve), and head direction distribution curve in the whole session (gray curve). Third: firing events plot colored by the corresponding head direction. 
Bottom: 2D ratemap. (C) The frame of the GLM used on the data. (D) GLM predicted neural activity of sample cells. First  row: ratemap in egocentric coordinate. 
Second  row: firing events plot colored by the corresponding head direction. Colume: 1) Real data, 2) Full model, 3) Egocentric input excluded, 4) Allocentric HD 
input excluded. (E) dAIC between anterior and posterior total neuron population when allocentric HD input is excluded from the model (Mann–Whitney test, 
P  < 0.0001). (F) dAIC  between anterior and posterior EBVC population when allocentric HD input is excluded from the model (Mann–Whitney test, P  = 0.3849). 
(G) Cumulative distribution curve of dAIC  of anterior EBVC and nonEBVC when allocentric HD input is excluded from the model (Kolmogorov–Smirnov test, P =  
0.0001). (H) Cumulative distribution curve of dAIC of posterior EBVC and nonEBVC when allocentric HD input is excluded from the model (Kolmogorov–Smirnov 
test, P  = 0.4127). Inset: Box plot of the two groups of data (Mann–Whitney test, P  = 0.3272). (I) dAIC between anterior and posterior BDCnear population when 
allocentric HD input  is excluded from the model (Mann–Whitney test, P  = 0.0077). (J) dAIC between anterior and posterior BDCnear population when egocentric 
input is excluded from the model (Mann–Whitney test, P < 0.0001). 

Importantly, the key functional difference emerged in pRSC. 
Here, conjunctive cells were functionally superior to pure HDCs 
and EBVCs (Fig. 4 H). This enhancement directly translated to 

function, as conjunctive cells within the pRSC BDCnear popu-
lation exhibited a significantly higher boundary selectivity index 
than their nonconjunctive counterparts (Fig. 4 I). In contrast, no 
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Fig. 4.     Integration of better local egocentric and allocentric information leads to allocentric boundary selectivity of pRSC neurons. (A) Cumulative distribution 
curve of GLM dAIC with allo HD input excluded of all EBVC and conjunctive EBVC in both anterior and posterior population (Kolmogorov–Smirnov test. Anterior 
all vs. EBVC×HDC, P  = 0.0055. Posterior all vs. EBVC×HDC, P  < 0.0001. Anterior EBVC vs. posterior EBVC, P  = 0.1982. Anterior EBVC×HDC vs. posterior EBVC×HDC, 
P  = 0.0097). (B) Cumulative distribution curve of MVL (allocentric direction tuning) of all EBVC and conjunctive EBVC in both anterior and posterior population 
(Kolmogorov–Smirnov test. Anterior all vs. EBVC×HDC, P  < 0.0001. Posterior all vs. EBVC×HDC, P  < 0.0001. Anterior EBVC vs. posterior EBVC, P  = 0.3591. Anterior 
EBVC×HDC vs. posterior EBVC×HDC, P  = 0.0366). (C) Cumulative distribution curve of head direction tuning stability of all EBVC and conjunctive EBVC in both 
anterior and posterior population (Kolmogorov–Smirnov test. Anterior all vs. EBVC×HDC, P  < 0.0001. Posterior all vs. EBVC×HDC, P  < 0.0001. Anterior EBVC vs. 
posterior EBVC, P  = 0.1424. Anterior EBVC×HDC vs. posterior EBVC×HDC, P  = 0.0071). (D) Proportion of HDC, EBVC, and the conjunction of both in the total cell 
population of the recording in aRSC. (E) The comparison of HDC × EBVCs and pure HDCs or EBVCs in aRSC. Left: MRL of allocentric head direction tuning of HDC × 
EBVCs and pure HDCs (Welch’s t  test, P  = 0.3724). Middle: Stability of allocentric head direction tuning of HDC × EBVCs and pure HDCs (Welch’s t  test, P  = 0.2608). 
Right: MVL of egocentric boundary vector tuning (Welch’s t  test, P  = 0.2615). (F) Selectivity index of BDCnears conjunct with EBV × HD tuning and other BDCnears 
in aRSC (Mann–Whitney test, P  = 0.5411). (G–I) Same as E  and F, but in the pRSC. (H) Left, Welch’s t  test, P  = 0.0116. Middle, Welch’s t  test, P  = 0.1418. Right, Welch’s 
t  test, P  = 0.0384. (I) Mann–Whitney test, P  = 0.0069). (J) The schematic diagram illustrates the differences of allocentric head direction coding strength along the 
anteroposterior axis across different cell populations. 

such enhancement was found in aRSC (Fig.  4 E and F). This 
indicates that pRSC dedicates a specialized population of 
high-fidelity conjunctive cells, resulting in a more selective bound-
ary representation. 

 These findings demonstrate that higher-quality conjunctive cells  
do effectively enhance firing  selectivity,  providing partial validation  
for our proposed mechanism underlying the formation of bound-
ary selectivity (Fig. 3 A). The key distinction between aRSC and 
pRSC lies in their coding strategies: in the anterior region, allo-
centric HD coding and egocentric boundary coding tend to be 
more separated, whereas EBVCs in the posterior region partially 
integrate allocentric information, which ultimately converges onto  
conjunctive cells. This mechanism may enable allocentric coding 
to be highly concentrated in conjunctive cells, thereby enhancing 
the efficiency and specificity of coding information (Fig. 4 J). 

Population-level analyses further confirmed the enhanced con-
junctive coding and boundary selectivity in pRSC. Under the 
aforementioned logical framework, when comparing the selectiv-
ity index of the whole conjunctive population, it is evident that 
the posterior region exhibits a significantly higher index than the 
anterior region (SI A ppendix, Fig. S5 C). This also provides evi-
dence suggesting that enhanced conjunctive properties may lead 
to improved boundary selectivity. Furthermore, consistent evi-
dence was found in the comparison of the selectivity index among  
BDCnear cells (SI A ppendix, Fig. S5 D). 

Neurons Exhibiting Global Tuning Properties Are Enriched 
among RSC→MEC Projection Neurons Relative to the Total pRSC  
Population.  We then recorded RSC→MEC neuron population 
(SI Appendix, Fig. S1C) and characterized the functional properties  
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of the pRSC subpopulation that projects to the MEC (Figs. 5  
and 6 and SI Appendix, Fig. S6). We found that the RSC→MEC 
pathway is enriched for conjunctive coding and exhibits a distinct 
“global” tuning profile. 

F rom the perspective of egocentric coding, EBVCs in this pro-
jecting population showed significantly higher MRL for egocentric  
boundary coding compared to the general pRSC population 
(Fig. 5  A and I). However, this enhancement in coding strength 
was accompanied by broader spatial tuning: EBVCs had larger 
field sizes (Fig. 5 B), BDCs displayed lower spatial information 
(Fig. 5 C) and wider field width (Fig. 5 D). HDCs exhibited 
broader directional tuning (Fig. 5 E) and higher coding stability 
(Fig. 5 F), despite showing comparable MVL (Fig. 5 G). 

 Our analysis of allocentric coding primarily focused on the 
properties of BDC. In terms of coding precision along this dimen-
sion, RSC→MEC BDCnears did not demonstrate higher bound-
ary selectivity compared to the total BDC population (Fig. 5 H). 
However, it appears that they still possess boundary selectivity, 
but due to the relatively broad tuning width, this selectivity might  
not manifest as a significant increase in the selectivity index 
(SI A ppendix, Fig. S7 A). 

 We reasoned that their boundary selectivity might reflect a  
“global” coding strategy, which shows more responses to a specific  
boundary (Fig. 5 J), rather than a “local” strategy of responding to  
every of the 4 boundaries with a specific egocentric relationship  
(13, 34, 35) (Fig. 5 K and SI A ppendix, Fig. S7 B). Analysis of  

Fig. 5.     The comparisons of the quality of functional neuron types and periodic property between pRSC total and RSC→MEC subpopulation. (A  and B) The 
comparisons of the properties of EBVC between pRSC total population and the RSC→MEC subpopulation. (A) MRL of EBVCs (Welch’s t  test, P  < 0.0001). (B) 
Logarithmic field size in egocentric ratemap of EBVCs (Welch’s t  test, P  = 0.0029). (C  and D) The comparisons of the properties of BDC between pRSC total 
population and the RSC→MEC subpopulation. (C) Spatial information of BDCs in 1D ratemap (Welch’s t  test, P  = 0.0036). (D) Field width of BDCs in 1D ratemap 
(Welch’s t  test, P  = 0.0059). (E–G) The comparisons of the properties of HDC between pRSC total population and the RSC→MEC subpopulation. (E) Half width 
of HD tuning curve of HDCs (Welch’s t  test, P  = 0.0001). (F) Half- half stability of HDCs (Welch’s t  test, P  < 0.0001). (G) MVL of HDCs (Welch’s t  test, P  = 3794). (H) 
Selectivity Index of BDCnears (Mann–Whitney test, P  = 0.4968). (I) Cell samples of conjunctive cells recorded in RSC→MEC subpopulation. (J) The illustration and 
a cell sample of global geometry encoding. Upper Left:  the illustration of the concept of global geometry encoding. Upper Right: the firing events plot of a sample 
periodic cell, colored by the corresponding head direction. Lower, each row: 1) The head direction tuning curve of the sample cell, aligning with the fitted result 
of Gaussian (red) and cosine (blue) function. 2) The autocorrelation of the tuning curve. 3) The 1st derivative of the autocorrelation curve. 4) The 2nd derivative 
of the autocorrelation curve. Dashed line: the 20% of the minimum negative value. 5) The power of the first 10 components of Fourier transform. The x axis 
represents the corresponding frequency of the first 10 components. (K) Same as J, but for a local geometry encoding cell sample. (L) Rate map of all periodic 
cells classified in pRSC total population and RSC→MEC population, aligned by the phase of the fitted cosine function. (M) The comparisons of the goodness of fit 
by Gaussian of cosine function in pRSC and RSC→MEC population. Left: R squared fit by Gaussian distribution (Mann–Whitney test, P  < 0.0001). Right: R squared 
fit by cosine function (Mann–Whitney test, P  < 0.0001). (N) The comparisons of the power of the 4th component calculated by Fourier transformation in pRSC 
total population and RSC→MEC population. Left: The power of 4th component (Mann–Whitney test, P  < 0.0001). Right: The mean with STD of all cells in the two 
populations among the first 10 components calculated by Fourier transformation. Line: average value. Shadow: ±STD (Kolmogorov–Smirnov test, P < 0.0001). 
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Fig. 6.     The EBVCs projecting to MEC brings better allocentric direction information, and further show enriched allocentric spatial coding. (A) Cumulative distribution  
curve of MVL (allocentric direction tuning) of all EBVC and conjunctive EBVC in both pRSC total population and RSC→MEC population (Kolmogorov–Smirnov test.  
Posterior all vs. EBVC×HDC, P  < 0.0001. RSC→MEC all vs. EBVC×HDC, P  = 0.0294. Posterior EBVC vs. RSC→MEC EBVC, P  < 0.0001. Posterior EBVC×HDC vs. RSC→MEC  
EBVC×HDC, P  = 0.6150). (B) Cumulative distribution curve of head direction tuning stability of all EBVC and conjunctive EBVC in both pRSC total population and  
RSC→MEC population (Kolmogorov–Smirnov test. Posterior all vs. EBVC×HDC, P  < 0.0001. RSC→MEC all vs. EBVC×HDC, P  = 0.0036. Posterior EBVC vs. RSC→MEC  
EBVC, P  < 0.0064. Posterior EBVC×HDC vs. RSC→MEC EBVC×HDC, P  = 0.0263). (C) Cumulative distribution curve of GLM dAIC with allo HD input excluded of all EBVC  
and conjunctive EBVC in both pRSC total population and RSC→MEC population (Kolmogorov–Smirnov test. Posterior all vs. EBVC×HDC, P  < 0.0001. RSC→MEC all  
vs. EBVC×HDC, P  = 0.0070. Posterior EBVC vs. RSC→MEC EBVC, P  < 0.0001. Posterior EBVC×HDC vs. RSC→MEC EBVC×HDC, P  < 0.0001). (D) Cumulative distribution  
curve of GLM dAIC with ego input excluded of all EBVC and conjunctive EBVC in both pRSC total population and RSC→MEC population (Kolmogorov–Smirnov  
test. Posterior all vs. EBVC×HDC, P  = 0.6555. RSC→MEC all vs. EBVC×HDC, P  = 0.9683. Posterior EBVC vs. RSC→MEC EBVC, P  = 0.00893. Posterior EBVC×HDC vs.  
RSC→MEC EBVC×HDC, P  = 0.2695). (E) Cumulative distribution curve of MRL (egocentric boundary vector coding) of all EBVC and conjunctive EBVC in both pRSC total  
population and RSC→MEC population (Kolmogorov–Smirnov test. Posterior all vs. EBVC×HDC, P  = 0.7838. RSC→MEC all vs. EBVC×HDC, P  = 0.9890. Posterior EBVC vs.  
RSC→MEC EBVC, P  < 0.0001. Posterior EBVC×HDC vs. RSC→MEC EBVC×HDC, P  < 0.0001). (F) Proportion of HDC, EBVC, and the conjunction of both in the recording  
of RSC→MEC subpopulation. The format is the same as panel F in Fig. 4. (G) The schematic illustration of the proportion of HDC and EBVC conjunction in the pRSC  
total population, and the concentrated proportion in the RSC→MEC subpopulation. (H) PC samples from pRSC total population and RSC→MEC subpopulation. (I–K) 
Comparisons of place cells in pRSC total population and RSC→MEC subpopulation. (I) Field size (Welch’s t  test, P  < 0.0001). (J) Spatial information (Welch’s t  test,   
P < 0.0001). (K) Stability (Welch’s t test, P = 0.6937). (L) MAE of decoding using 50 random cells in each session (Mann–Whitney test, P < 0.0001). 

periodicity in subpopulation of neurons tuning curves confirmed  
this: the general pRSC population had more cells with 4-fold peri-
odic firing (a local code), while the RSC→MEC population was  
biased toward nonperiodic, global coding (Fig. 5  L–N). Crucially,  
the properties of egocentric-to-allocentric transformation, as  
defined previously by periodicity, are also reflected in EBVC and  
BDCnear (SI A ppendix, Fig.  S7 C–F). Together, through both selec-
tivity analysis and periodic fitting approaches, our results provide  

complementary evidence for distinct egocentric versus allocentric  
encoding biases across different cell populations.  

The RSC→MEC Pathway Recruits EBVCs with Superior Allocentric  
Information  for Efficient Spatial Mapping. Finally, we investigated  
the functional consequence of this specialized projection. Within  
the RSC→MEC pathway, EBVCs possessed significantly higher- 
quality allocentric HD information (higher MVL) and coding  
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stability than EBVCs in the general pRSC population (Fig. 6 A  

  

  

and  B). Surprisingly, we found that the disparity in allocentric head  
direction information quality primarily manifested in the overall  
EBVC population rather than specifically in the EBVC×HDC  
conjunctive subpopulation (Fig. 6 A and B and SI Appendix, Fig. S8
A and B). GLM analysis confirmed that RSC→MEC EBVCs and  
conjunctive cells depended more on allo HD inputs (Fig. 6 C and
D), aligning with their global coding suf (SI Appendix, Fig. S8E). 

 Regarding egocentric coding in both EBVCs and conjunctive  
cells, the substantial differences between pRSC total and  
RSC→MEC populations were similarly reflected in their respective  
conjunctive cell populations (Fig. 6 E and SI A ppendix, Fig. S8 C). 

I n terms of proportion, the conjunction proportion in 
RSC→MEC proportion is significantly higher (chi-squared test, 
P   = 0.0057) than that in pRSC total population (Figs. 4 G and 6F). 

 These findings demonstrate that the differences in allocentric  
coding within the RSC to MEC pathway primarily manifest in the  
EBVC population: RSC selectively 1) projects EBVCs containing  
higher allocentric information to MEC and 2) enriches conjunctive  
information in its projections to MEC (Fig. 6  F and G). 

Although their egocentric tuning was br oader, the strong inte-
gration of allocentric information endowed a larger fraction of 
RSC→MEC conjunctive cells with allocentric spatial coding 
properties. 44/80 conjunctive cells in RSC→MEC population vs.  
29/92 conjunctive cells in general pRSC are classified as PC 
(Fig. 6 H). This suggests that although the superior egocentric 
boundary coding ability of RSC→MEC conjunctive cells did not 
result in higher boundary selectivity (SI A ppendix, Fig. S8 D), it 
may have endowed a larger fraction of these cells with enhanced 
allocentric 2D spatial representation capabilities. 

These PCs had larger place fields and lo wer spatial information  
than those in pRSC total population (Fig. 6  I and J), consistent  
with the overall broad tuning of the pathway, while no significant  
differences were observed in stability (Fig. 6 K). Notably, when  
decoding the animal’s position using randomly selected subsets of  
cells matched in number across sessions, the RSC→MEC popu-
lation demonstrated lower decoding accuracy (Fig. 6 L). This is  
likely attributable to the significantly higher proportion of PCs in  
the RSC→MEC population, which, despite their lower individual  
precision, collectively enhance the subpopulation’s coding effi-
ciency for spatial location through their enriched representation. 

 In essence, the RSC→MEC pathway, which recruits a larger 
proportion of functional cell types, is optimized to provide MEC 
with a spatially integrated, globally referenced representation built  
from broadly tuned but highly conjunctive inputs, rather than a 
collection of precise local signals.   

Discussion 

 This study provides a comprehensive functional dissection of the 
RSC, revealing fundamental anterior-to-posterior differences in 
spatial coding strategies. We demonstrate that the pRSC, and 
particularly its MEC-projecting subpopulation, is specialized for 
high-fidelity conjunctive coding. This integrative process merges 
egocentric and allocentric information to generate a transformed, 
boundary-selective representation of space. Our findings thus 
resolve long-standing  questions regarding the  internal organization  
of the RSC and clarify its specific computational role within the 
navigation network. 

Functional Differences of Conjunctive Coding in the RSC. Our 
investigation reveals distinct functional differences along the 
RSC’s anteroposterior axis (Figs. 1–4). While neurons with spatial  

tuning are present throughout the RSC, pRSC neurons exhibit 
significantly stronger multimodal integration and conjunctive 
coding capabilities compared to their anterior counterparts (Figs. 3  
and 4). Regarding the source of this difference, we propose two 
possible aspects. 

 This differentiation could partially stem from distinct connec-
tivity profiles: the aRSC maintains dense connections with pre-
frontal regions (36), supporting contextual processing, whereas  
pRSC receives robust visual-spatial inputs (37–40). This anatom-
ical divergence underpins their differential roles in cognition, as  
evidenced by studies showing that inhibition of pRSC versus aRSC  
selectively impairs contextual versus cue-associated memory (41),  
respectively. The functional specializations we observe likely arise  
from, and are refined by, these unique input–output architectures  
mentioned above. Notably, projection-specific neurons within the  
RSC are known to receive inputs from distinct upstream sources  
(17). Future work investigating whether MEC-projecting neurons  
receive specialized afferents will be crucial for fully elucidating the  
mechanisms underlying their functional enrichment. 

 In addition to possibly arising from connectivity patterns, we 
also propose another possibility. The functional differences may 
not entirely originate from a gradient of functional inputs to RSC.  
Given that pRSC is a core hub for outputting spatial information 
to MEC, we hypothesize that within RSC, there may be a com-
putational strategy gradient along the anterior–posterior axis. 
Specifically, pRSC may be more inclined to integrate widely dis-
tributed egocentric and allocentric inputs from the brain into 
higher-order allocentric signals required by MEC.  

From Egocentric Sensing to Allocentric Mapping: The  
Transformative Role of pRSC. Our results indicate that pRSC  
does not merely encode distance to arbitrary boundaries but  
rather computes the identity of specific boundaries within an  
allocentric framework (Figs.  1 and  3). This provides crucial cellular- 
level evidence for the RSC’s hypothesized role as a coordinate  
transformation hub. We precisely localize this function to the  
posterior subdivision, and particularly to its boundary- proximal  
cells (BDCnear), whose high boundary selectivity resembles that of  
classical boundary cells in MEC (Figs. 5 and 6), suggesting pRSC  
as a key upstream source of allocentric boundary signals. 

 The cellular mechanism for this transformation involves the 
enhanced integration of allocentric HD information. Our GLM 
analyses reveal a systematic shift in input dependency along the 
anteroposterior axis (Fig. 3 ): EBVCs in aRSC rely more on ego-
centric boundary vector inputs, whereas those in pRSC show 
stronger dependence on allocentric HD inputs. This integration 
is particularly refined in specialized EBVC×HDC conjunctive cells  
within pRSC (Fig. 3 ). This conjunctive mechanism effectively 
transforms a viewer-centered vector (e.g., “boundary to my left”) 
into a world-anchored landmark signal (e.g., “the north wall”), 
thereby sharpening boundary identity selectivity. 

 We propose that this transformative computation is most crit-
ical during the initial formation of allocentric cognitive maps.  
The pRSC→MEC pathway may thus provide an instructive sig-
nal to help anchor nascent spatial representations in the para-
hippocampal formation. Once an environment becomes familiar  
and MEC representations stabilize, RSC’s inputs may transition  
to a modulatory or feedback role for fine-tuning, rather than  
fundamentally instructing the established map. This could  
explain why inhibiting RSC has limited immediate impact on  
well-formed boundary representations in MEC (42), without  
contradicting its potential role in spatial memory retrieval or  
map initialization.  
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Circuit Mechanisms and Future Perspectives. Our in-depth  
analysis of the pRSC→MEC circuit underscores the necessity 
of deconstructing RSC function from a precise, circuit- specific 
perspective. As a critical hub, its computational roles are defined 
by unique “input-pr ocessing-output ” motifs. Consequently, future  
research must extend beyond describing the RSC as a unitary 
entity in spatial memory. Priorities should include: 1) employing 
projection- specific manipulations during novel environment 
exploration to causally test the instructive role of the pRSC→MEC  
pathway; 2) conducting simultaneous cross- regional recordings to  
delineate real-time information flo w between pRSC and MEC; 
and 3) mapping the complete upstream inputs that drive these 
specialized neuronal subpopulations to close the functional loop. 
Additionally, further study should also dig into the internal coding  
structure of the RSC. Employing tetrode recordings or other 
methods to achieve higher- resolution histological dissection will 
help distinguish the layer- specific functional distribution of the 
RSC, thereby furthering our understanding of its hub function. 

 Understanding these circuit-specific mechanisms holds pro-
found scientific significance. It is essential for revealing how the 
brain constructs a stable representation of space from transient 
sensory inputs. Moreover, given the RSC’s early vulnerability in 
Alzheimer’s disease (43–45), elucidating these precise computa-
tional circuits in mice provides a valuable reference helping to 
understand the neural basis in human diseases.   

Materials and Methods 

Subjects. In this study, 12 male C57BL/6 wild- type mice were used.  All proce-
dures for animals were approved by Animal Care and Use Committee of Peking 
University.  All mice were individually housed under a 12 h light/dark cycle at 
a temperature of 22 °C and provided with food and water continuously.  A run-
ning wheel was placed in the cage to enhance the mice’s activity.  Behavioral 
experiments were all conducted during the dark phase. During the training and 
recording period, the mice were food- restricted to keep at 90% of their weight 
during free feeding. All mice were aged at 9 to 12 wk prior to the surgery. 

Surgery. Mice were anesthetized with isoflurane and placed in a stereotaxic 
instrument (KOPF). For local imaging of anterior/posterior RSC, rAAV-hS yn- 
GCaMP6f-WPRE -hGh was injected using a glas s pipette (NANOLITER2020 
Injector, World Precision Instruments, FL). 

For aRSC, we injected two sites, −0.4 mm ML, +1.1/1.4 mm anterior to the 
transverse sinus, −0.8 mm DV, each site with 150 nL virus at a rate of 80 nL/min.  
At each injection site, the glass pipette was left in place for 10 min before retrac-
tion. After the virus injection, we then began to implant prism. The imaging lens 
consists of a customized 1 mm side-length GRIN (gr adient-inde x) lens attached 
to a 1 mm square prism (Grintech, Germany). The prism was implanted vertically 
into the brain. The coordinate of prism implantation was −0.7 mm ML, +0.8 mm 
anterior to the transverse sinus, −1 mm DV. 

For pRSC, we injected two sites, −2.4 mm ML, +0.3/+0.7 mm anterior to the 
transverse sinus, −0.8 mm DV, each site with 150 nL virus at a rate of 80 nL/min.  
The coordinate of prism implantation was −2.65 mm ML, with the posterior edge  
adjacent to the transverse sinus, −1 mm DV. 

For RSC→MEC neuron imaging, we injected rAAV-hS yn-GC aMP6s-WPRE - 
hGH polyA with 2/R serotype into the MEC. We injected two sites, −3.2 mm ML,  
0.3 mm anterior to the transverse sinus, −1.8 to −1.6 mm DV and −3.6 mm ML,  
0.3 mm anterior to the transverse sinus, −1.6 to −1.4 mm DV, each site with 400 
nL virus at a rate of 80 nL/min. The prism was implanted at the same coordinate 
as pRSC imaging surgery. 

After the implantation, the Kwik- Cast (World Precision Instruments, FL) was 
used to cover the chronic window. Tissue adhesive (3 M,  MN) was used to bond 
the scalp to the skull. To secure the miniaturized two- photon probe, a headplate 
was implanted on the mouse skull, and the gap between the headplate and the 
skull was filled with dental cement. After a 2 to 3 wk recovery period, we were able  
to observe calcium signals using the miniaturized two- photon probe. 

Behavioral Training and Recording in Open-Field Test.   The experiment was 
conducted in a square open-field ar ena (50 cm side length) with white flooring 
and black walls (40 cm high). A white A4-sized cue car d was attached to one wall 
as the primary spatial landmark, while black curtains surrounded the arena to 
minimize distal visual cues. Illumination was provided by dim white LED lighting 
to ensure visibility without compromising imaging quality, supplemented by 
infrared lighting for behavioral video recording. 

Prior to testing, mice underwent food restriction to maintain body weight 
at ~80% of baseline.  They were habituated to the arena over 1 to 2 wk under 
consistent baseline conditions (fixed cue card position), with cookie crumbs used 
as rewards to encourage free exploration. In the final stage of training the mice,  
when they achieve over 90% coverage in the box during a 10-min  session and 
maintain this performance in two consecutive training sessions, we consider their  
behavior to be sufficient for recording. During recording, each mouse performed 
two consecutive 10- min trials per day under identical conditions, with a 5- to 
10- min rest in the home cage between trials. Behavioral data from both trials 
were concatenated for analysis, yielding a continuous 20- min dataset per session. 

Two- Photon Calcium Imaging. Neuron activity was recorded by a miniaturized 
2- photon microscope (LFMTPM V2.0.1,  Transcend Vivoscope Biotech Co., Ltd.,  
China; Working distance: ~1 mm; Numerical aperture: 0.45 mm). 

Before calcium signal recording,  we first identified the field of  view (FOV) 
and affixed a baseplate to the headplate to ensure stable imaging. Following 
confirmation of  appropriate viral expression and calcium signals in the mouse 
brain, we implanted a headplate to stabilize the imaging probe position, enabling  
consistent targeting of the same FOV across sessions. Imaging was performed 
at 600 × 512 pixels resolution with ~0.89 μm/pixel size and ~9 Hz frame rate 
using GINKGO- MTPM software (Transcend Vivoscope Biotech Co., Ltd, China).  
For mice with signal regions smaller than one FOV, we used data from a single 
imaging session. When multiple FOVs were required, we sequentially recorded 
from nonoverlapping regions by repositioning the headplate between sessions,  
with each FOV treated as an independent dataset while maintaining identical 
behavioral paradigms. 

During recording,  we filled the headplate well with hydrogel to maintain 
aqueous immersion and avoided any probe adjustments mid- session to ensure 
FOV stability.  The two- photon calcium imaging was performed using 920 nm 
excitation wavelength.  The behavioral recording was simultaneously acquired 
using an infrared camera at 30 Hz frame rate.  All neural and behavioral data 
streams were synchronized through hardware- generated timestamps. 

Process of Calcium Data. Neurons and their fluorescence signal fluctuations were  
extracted using Suite2p (46) to identify the spatial footprints (SFP) of  neurons and  
obtain corresponding ΔF/F signals. The fluorescence signals were then deconvolved  
using OASIS (47) to detect spiking events for each neuron. Detected events were  
filtered by applying a threshold of  >1 SD above baseline,  and the corresponding  
frames of the filtered events were identified as neuronal spikes. Behavioral and  
imaging data were aligned using timestamps, and the behavioral frame closest to  
each spike was used to determine the associated behavioral event features. 

Behavioral Analyses. Mouse behavioral data were extracted from behavioral 
videos using DeepLabCut (48). The animal’s position, head direction, and velocity  
were further calculated using custom Matlab scripts. For analysis, the 50 × 50 cm  
open field arena was spatially divided into 2 cm- side bins. Behavioral coverage 
and corresponding neuronal firing activity were computed for each individual bin. 

Classification of Functional Cell Types.  We calculated the firing properties 
of all recorded neurons, and classified functional neurons as head direction cell,  
egocentric boundary vector cell, boundary distance cell, speed cell, angular head 
velocity cell and place cell. 

Here we only introduce the specific judgment method for BDC. The other five 
cell types are similar to common calculation methods and are provided in the 
SI Appendix. 

We analyzed boundary distance coding by establishing 2 cm- spaced distance 
bins along the arena perimeter (0 to 25 cm range, 12 bins total after excluding 
the innermost bin). For each neuron, firing rates were calculated per bin to gen-
erate boundary distance tuning curves. Neurons were classified as BDCs when 
their spatial information exceeded the 95th percentile of shuffled distributions.  
BDCs with peak firing within 6 cm of boundaries (first 3 bins) were designated 
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BDCnear, while those with peaks in distal bins (>6 cm) and field widths >12 cm 
(6 bins) were classified BDCfar. 

Field width calculations identified firing field boundaries by locating where  
firing rates either: 1) exceeded a threshold defined as the minimum firing rate plus  
10% of the dynamic range (maximum minus minimum firing rate), or 2) showed  
derivative sign changes (left boundary: dF/dx > 0; right boundary: dF/dx < 0).  
Stability was assessed via Pearson correlation between first/second trial half tuning  
curves. Spatial information was computed following the established method (49): 

N    ˛ ˜
  ˜

Spatial Information
˜

 bits
° i i

∕spike = pi log2 ,
˜

1

˝

˜
i=  

˙

where i represents each individual spatial bin in the two-dimensional envir on-
ment, N corresponds to the total number of bins, pi indicates the occupancy prob-
ability for bin i derived from the animal’s behavioral trajectory data,  λi denotes 
the mean firing rate within bin i calculated as the number of spike events divided  
by dwell time in that bin, and λ  represents the overall mean firing rate across all 
bins in the environment. 

For boundary-specific analysis,  spikes were categorized by nearest boundary 
(4 categories) to generate subregion tuning curves.  The selectivity index was 
calculated as the natural logarithm of the variance of Pearson correlation coeffi-
cients between each of the four boundary-specific tuning curves and the over all 
boundary distance tuning curve. 

Overlap Index.  We calculated the overlap index (OI) between two cell types 
following established method (50), where the expected overlap was derived from  
the product of each cell type’s proportion multiplied by the total cell count. The OI  
was computed as the ratio of  observed double- labeled cells to the expected value: 

OI = m∕nab,
where proportions a and b representing type A and B abundances respectively.  
Statistical significance was determined through binomial testing, where OI > 1 
(P < 0.05) indicated significant co-occurr ence exceeding chance, while OI < 1 
(P < 0.05) revealed significant segregation between cell types. 

GLM Model.  To analyze egocentric and allocentric inputs separately, we adopt a 
GLM framework, where the spiking probability is influenced by different variables,  
including allocentric spatial coding, allocentric head direction coding, egocentric 
coding, and self- motion. 

Egocentric coding consists of the distance to the nearest boundary, denoted 
as db and the included angle ϕ between the animal’s current head direction and 
the nearest boundary. 

Allocentric coding includes the animal’s 2D coordinates (x, y) within the envi-
ronment and its head direction θ. 

Self- motion coding is represented by the animal’s running speed v and angu-
lar head direction speed α of the animal. 

We assume that the neuron’s spike train follows an inhomogeneous poisson 
process with an intensity function λ(t). Given a series of time points t1, t2, ···, tn with  
corresponding predictors described above determined by the behavior data, the 
total spike count up to time ti is denoted as Xi. The probability of a spike occurring 
within the time bin at [ti − 1, ti] is given by 

P 
˜

Xi − Xi−1 = 1
°

 = t ⋅ ˜(ti ),
 

 

where Δt is the length of the time bin.  All predictors mentioned below refer to 
their values at time ti with the subscript i omitted for brevity. 

˜
˜

 ti 
°

=° ˜ ˜ ˜ ˜rate ⋅ allo,HD ⋅ allo,loc ⋅ ego ⋅ selfmotion,
 

where 

˜allo,HD = (sin °, cos °, sin 2 cos 2 )T °, ° ˛allo,HD,

 
˜allo,loc = (x, y, x 2, y 2, xy)T ° allo,loc,

go d
2

e 
 

˜  = (db, b , sin °, cos °, d sin °, d T° ˛b  b cos )  ego ,

T ˜selfmotion = (v, °) ˛selfmotion.

Position and Head Direction Decoding.  We used naive Bayesian decoding for 
animal position or head direction estimation. The detailed calculation method is 
provided in the SI Appendix. 

Periodic Cell.  We determine periodic firing neurons by analyzing the autocor-
relation function of neuronal head- direction tuning curves and their derivatives.  
The criteria for the autocorrelation function curve are as follows: 1) Its second 
derivative has exactly three local minima (troughs); 2) The first trough is located 
within bin 0 to 5, the second trough is 13 to 17 bins away from the first, and the 
third trough is strictly located at bin 30; 3) The value of the second derivative at 
each trough must be negative and must be less than 20% of the global minimum  
value. Neurons meeting these criteria are classified as periodic firing neurons; 
otherwise, they are classified as nonperiodic firing neurons. 
We use MATLAB’s fitnlm function (nonlinear regression fitting) to fit the head- 
direction tuning curves with two mathematical models to further assess the 
periodicity of head-dir ection modulation. The specific methods are as follows: 

(1)   Gaus sian fitting is used to evaluate nonperiodic (or single-dir ection mod-
ulated) firing.  The model function is defined as modelfunGauss1 = @(b,X) 
b(1) + b(2)*X + b(3)* exp [−((X(:,1) − b(4)).^2/b(5))]. The parameter struc-
ture mdl1 is obtained using fitnlm, and the goodness-of -fit is defined as  
Rsquared = mdl1.Rsquared.Adjusted. 

(2)   C osine fitting is used to evaluate periodic firing. The model function is defined  
as modelfunCos = @(b,X) b(1) + b(2)* cos [2*pi/15*X + b(3)]. The parameter  
structure mdlcos is obtained using fitnlm, and the goodness- of- fit is defined  
as Rsquared = mdlcos.Rsquared.Adjusted. 

Besides, Fourier transform is used to evaluate periodic firing.  A Fast Fourier 
Transform (FFT) is applied to each head- direction tuning curve, and the power 
spectral density of the first 10 non- DC components is calculated: power = real(ff-
tResult).^2 + imag(fftResult).^2.  After normalization by the total power,  the 
normalized power value at the characteristic frequency component (4 Hz, corre-
sponding to quadruple periodicity) is used as a quantitative indicator of periodic-
ity (Normalized Power). The analysis is implemented using MATLAB’s fft function. 

Data Analysis and Statistics.  All statistical analyses were performed using 
MATLAB and GraphPad Prism 10.  Welch’s t  test,  paired t  test,  Mann–Whitney 
test, Kolmogorov–Smirnov test, and chi-squar e test were used as appropriate. A  
P-value of  less than 0.05 was considered statistically significant. 

Data, Materials, and Software Availability.  Study data are included in the 
article and/or SI Appendix. 
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