
Supplementary Methods 1 

In Vivo Electrophysiology Recording Paradigms 2 

Neural activity from the ADn was recorded in freely moving mice across three distinct behavioral 3 

paradigms designed to probe different aspects of histaminergic modulation. 4 

Paradigm 1: Pharmacological Manipulation in an Open Field. This paradigm assessed the tonic 5 

effect of systemic histaminergic manipulation on baseline HD cell activity. Mice were 6 

intraperitoneally (i.p.) injected with saline and then connected to the recording headstage. After a 10-7 

minute recovery period in their home cage, neural activity was recorded for 10 minutes while the 8 

mouse explored a familiar, empty open field. The mouse was then returned to its home cage for a 60-9 

minute rest period. Following this, it received an i.p. injection of DCZ (100 μg/kg), was reconnected 10 

to the headstage, and after a 10-minute recovery, a second 10-minute recording session was conducted 11 

in the same open field. 12 

Paradigm 2: Naturalistic Object Exploration and Displacement. This paradigm assessed the 13 

dynamic response of HD cells to the introduction and spatial displacement of a novel object without 14 

pharmacological intervention. Mice were connected to the recording headstage and neural activity 15 

was first recorded for 10 minutes in an empty open field (Baseline session). The mouse was then 16 

briefly removed and placed in a resting cage for 5 minutes, during which a single novel object was 17 

introduced into the arena. The mouse was returned to the now object-containing arena for a 15-minute 18 

recording session (Object Novelty session). After another 5-minute rest period for the mouse, the 19 

object was moved to a novel location within the arena. The mouse was returned for a final 15-minute 20 

recording session (Object Displacement session). 21 

Paradigm 3: Pharmacological Manipulation during Object Exploration. This paradigm assessed 22 

the effect of histaminergic manipulation specifically during object-based spatial processing. The 23 

protocol was identical to Paradigm 1, with the key difference that both recording sessions (post-saline 24 

and post-DCZ injection) were conducted in an open field that contained a single object. 25 

Quantification and Statistical Analysis 26 

Construction of HD from samples 27 

The lost HD samples were interpolated whenever the duration of sample loss was below 1.5 seconds 28 

and removed otherwise. 29 

HD tuning curves 30 

The head direction sample was binned into sixty bins of 6°, and a “bin estimate” of the HD tuning 31 

curve was determined as the number of spikes in each head direction bin divided by the amount of 32 

time spent in that bin. The tuning curve was then smoothed by a Gaussian kernel (σ = 3). 33 

HD cell selection 34 



HD cells were detected by multiple alternative methods, and a separate analysis was performed 35 

on cells classified by each of these methods indicating the same results. The methods include a 36 

generalized linear model framework for modeling spiking activity as a function of extrinsic covariates, 37 

including HD, and a shuffling procedure comparing the cell’s mean resultant length or the Watson U2 38 

value with a chance-level outcome driven from randomly shuffled spikes (each method is described 39 

in detail later). To exclude unstable or poorly recorded clusters, only cells with a minimum overall 40 

mean firing rate of 0.1 Hz in sessions were included. 41 

 To ensure that the detected HD cell was not a byproduct of biased HD sampling from a cell with 42 

spatially selective firing, we further included the “distributive hypothesis” measure. This method 43 

measures the similarity between the observed HD tuning curve and the predicted tuning curve from 44 

the HD occupancy probability over the spatial bins. The spatial scale of the environment was 45 

segmented into 2 x 2 cm spatial bins. Within (ith, jth) spatial bin, the firing rate of the cell facing 46 

direction 𝜙 is denominated as Rij(𝜙), and the time spent facing the direction 𝜙 is denominated as 47 

Tij(𝜙). The predicted firing rate as a function of 𝜙 is defined as below: 48 
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The distributive ratio was defined as: 50 
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Where N is the number of radial bins used for the HD tuning curve (N = 60 for a bin size of 6°), 𝑁𝑥 52 

and 𝑁𝑦 are the number of bins in spatial scale, and 𝑅𝑂𝑏𝑠 is the bin estimate of the HD tuning curve. 53 

A DR value of zero indicated a complete prediction of the observed HD tuning curve by a combination 54 

of HD sampling and the spatial selectivity of cell firing. A high DR value, however, indicates that the 55 

head direction accounts for some variability of the tuning curve. 56 

Cell classification by shuffling 57 

A shuffling test was performed to create a statistic for evaluating whether the cell firing can be 58 

significantly explained by an external covariate HD. The spike train of individual cells was time-59 

shifted along with the tracking samples by a variable randomly chosen between 20 s and the total trial 60 

length minus 20 s. The shifted values that were passing the length of the trial were wrapped to the 61 

beginning. Such shuffling procedure decouples the spikes from external covariates while keeping the 62 

spike timing relations intact. For the shuffled spikes, a given parameter characterizing the influence 63 

of a given covariate was calculated. This procedure was repeated 100 times, and the distribution of 64 

the outcomes was generated. The 99th percentile value of this shuffled distribution was used as the 65 

classification criterion. The parameters used for the classification of HD cells were either the mean 66 

vector length or Watson U2. 67 



Cell classifications by generalized linear model (GLM) 68 

To quantify the effects and relative contribution of an extrinsic covariate (here, i.e., head direction, 69 

angular head velocity, and linear speed) to the activity of a cell, while avoiding data sample binning 70 

and behavioral biases, the spiking activity was modeled as a discrete-time point process in the GLM 71 

framework under below intensity functions. 72 

𝜆(𝑡) =  𝜆0 ∙ 𝜆𝐻(𝑡) ∙ 𝜆𝐴(𝑡) ∙ 𝜆𝑆(𝑡)/𝑑𝑡        (3) 73 

𝜆0 = 𝑒𝑥𝑝(𝛽0)             (4) 74 

𝜆𝐻(𝑡) = 𝑒𝑥𝑝(∑ 𝛽𝑖 sin(𝑖 ∙ 𝜙(𝑡)) +  𝛽𝑖
′𝑁𝐻

𝑖  cos (𝑖 ∙ 𝜙(𝑡)))    (5) 75 

𝜆𝑠(𝑡) = 𝑒𝑥𝑝(∑ 𝛽𝑗
𝑁𝑆
𝑗  𝑆𝑗(𝑡))          (6) 76 

𝜆𝐴(𝑡) = 𝑒𝑥𝑝(∑ 𝛽𝑘
𝑁𝐴
𝑘  𝐴𝑘(𝑡))          (7) 77 

Where 𝜆 stands for the firing rate of the cell. 𝜆0, 𝜆𝐻, 𝜆𝐴 and 𝜆𝑠 stand for firing rates of baseline, 78 

head direction, angular head velocity, and linear speed components in the model, respectively. 𝑑𝑡 is 79 

the time bin size (40 ms). 𝜙(𝑡), 𝐴(𝑡) and 𝑆(𝑡) are the instantaneous head direction, angular head 80 

velocity, and linear speed of the animal. 𝑁𝐻, 𝑁𝑆, 𝑁𝐴  are the model orders respectively for head-81 

direction, angular head velocity, and linear speed components. 𝛽0, 𝛽𝑖, 𝛽𝑖
′, 𝛽𝑗  and 𝛽𝑘  are the 82 

parameters of the model to be estimated. 83 

 The time bin size used to bin the spike trains was the same as the animal tracking sampling 84 

frequency (𝑑𝑡 ). To avoid under-sampled sections of data, AHV samples were limited to 1-99th 85 

percentile, and the very high-speed sample passing the 99th percentile threshold of the speed sample 86 

distribution was also dismissed. Speed and AHV samples were scaled over the maximum bound 87 

within (0,1) and (-1,1), respectively. HD samples were converted to radian to bound within (0, 2𝜋). 88 

The covariate matrix was built by including all covariate elements according to the model order and 89 

the intensity functions. Model fitting was performed in MATLAB using the function “glmfit” under 90 

a Poisson distribution assumption with a log link function. The maximum order numbers were preset 91 

at 𝑁𝐻 = 4, 𝑁𝑆 = 3, 𝑁𝐴 = 3 and all combinations of models with orders of zero up to these maximum 92 

orders were tested. 93 

 To evaluate and choose the simplest model that has the best performance in estimating a cell’s 94 

spiking, we used the Bayesian Information Criterion (BIC), an information-based criterion that 95 

penalizes models with more parameters. Note that, for instance, in a one-component H model with 96 

an order of four, the number of terms is higher than in the same model with one order, and likelihood 97 

alone would not penalize this complexity. 98 

𝐵𝐼𝐶 = 𝑘 ln(𝑛) − 2 ln(𝐿̂)    (8) 99 

Where k is the number of parameters estimated by model (total number of 𝛽 parameters), 𝐿̂ is the 100 



maximized value of the likelihood function and n is the number of the sample size. 101 

 Further, to avoid overfitting by including more components for each cell, we performed a ten 102 

times ten-fold cross-validation procedure by dividing the data samples into the train and test sets. 103 

Models were fit on train sets, and comparisons for model selection were made over test samples. We 104 

performed a nested method to select the best model starting from the simplest model (an intercept 105 

model) a check if any model with an extra component can perform better. Therefore, we first fitted 106 

all the models with one component (i.e., four H models, three S models, and three A models). Among 107 

all these models, the one with the lowest average BIC value (over ten sections of test data samples) 108 

was chosen as the best model with one component and was compared to an intercept model using a 109 

one-sided signed-rank test with an α level of 0.05. If this model was significantly better than an 110 

intercept model, then the procedure would continue by comparing the best one-component model 111 

with models containing two components (HS, HA, SA) but only those containing the best one-112 

component model. For instance, id the best one-component model was H, then the best model among 113 

all models (means a combination of all different order sizes for each component) forming either of 114 

HS or HA would be compared to the H-model. 115 

 Finally, a “GLM estimate” of tuning curve for a cell was reconstructed as below: 116 

𝑟0 =  𝜆0 ∙ 𝜆𝐻(𝑡)̅̅ ̅̅ ̅̅ ̅ ∙ 𝜆𝐴(𝑡)̅̅ ̅̅ ̅̅ ̅ ∙ 𝜆𝑆(𝑡)̅̅ ̅̅ ̅̅ ̅/𝑑𝑡   (9) 117 

𝑟𝐻(𝑡) =  𝑟0 ∙ 𝜆𝐻(𝑡)/𝜆𝐻(𝑡)̅̅ ̅̅ ̅̅ ̅     (10) 118 

𝑟𝐴(𝑡) =  𝑟0 ∙ 𝜆𝐴(𝑡)/𝜆𝐴(𝑡)̅̅ ̅̅ ̅̅ ̅     (11) 119 

𝑟𝑆(𝑡) =  𝑟0 ∙ 𝜆𝑆(𝑡)/𝜆𝑆(𝑡)̅̅ ̅̅ ̅̅ ̅     (12) 120 

Where 𝑟0 is the baseline firing rate, 𝑟𝐻, 𝑟𝐴 and 𝑟𝑆 are the reconstructed tuning curved associated 121 

with HD, AHV and speed components, respectively, and 𝜆𝐻(𝑡)̅̅ ̅̅ ̅̅ ̅, 𝜆𝐴(𝑡)̅̅ ̅̅ ̅̅ ̅, 𝜆𝑆(𝑡)̅̅ ̅̅ ̅̅ ̅ are the mean values of 122 

reconstructed intensity functions. The GLM estimate of HD, AHV and speed tuning curves were 123 

constructed by calculating intensity functions (formulas 4-7) and firing rate functions (formulas 9-12) 124 

by setting values within (0, 2𝜋 ), (0, 1) and (-1, 1) to the input variables 𝜙(𝑡), 𝑆(𝑡)  and 𝐴(𝑡) , 125 

respectively. 126 

HD tuning curve properties 127 

Mean vector length: the magnitude of the resultant vector obtained from the head direction angles 128 

collected during the spiking of a cell. 129 

Preferred firing direction (PFD): the angle of the resultant vector obtained from the head direction 130 

angles during the spiking of a cell. 131 

Intra-session stability of an HD tuning curve: Sessions were divided into two 5-min sub-sessions. 132 

Stability as a correlation measure was evaluated by Pearson correlation between HD tuning curves of 133 

these sub-sessions. 134 



Inter-session stability of an HD tuning curve: Pearson correlation value between HD tuning 135 

curved of two sessions. 136 

Information (bits/spike): Analogous to information entropy, head-direction information was 137 

defined as: 138 
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Where I is the information rate of the cell in bits per spike, 𝜙 is the head direction, 𝑝(𝜙) is the 140 

probability density of head pointing toward direction 𝜙, 𝜆(𝜙) is the mean firing rate when the mice 141 

head is pointing toward the direction 𝜙, 𝑖 is the radial bin index (i-th bin of 𝜙), 𝑝𝑖 is occupancy 142 

probability in bin 𝑖, 𝜆𝑖 is the mean firing rate in bin 𝑖, and 𝜆 is overall mean firing rate. 143 

 144 

Computational Modeling 145 

Model Overview and Purpose 146 

To mechanistically explain how histaminergic signaling in the ADn modulates spatial memory by 147 

tuning HD cell gain, we extended a well-established neural-level model of spatial processing58. This 148 

framework simulates the interaction between parietal, RSC, and medial temporal areas to support 149 

spatial memory and imagery through a transformation between egocentric and allocentric reference 150 

frames. 151 

The core extension of our model is a histamine-dependent gain control mechanism implemented 152 

within the HD cell network. This addition allows us to simulate two experimentally observed effects 153 

of histamine on ADn HD cells: a tonic modulation of baseline excitability under low cognitive 154 

demand, and a phasic enhancement of response gain during high-demand tasks such as object 155 

exploration. We simulated three histaminergic states—control, inhibition, and activation—to 156 

investigate how gain modulation in ADn propagates through the circuit, affecting the fidelity of 157 

object-position representations in downstream regions (e.g., object-vector cells in RSC) and 158 

ultimately influencing performance on an OLM task. Model predictions were subsequently validated 159 

by our experimental findings. 160 

Model Architecture and Neural Dynamics 161 

Our model builds upon the core architecture of the Bicanski–Burgess (BB) model, which comprises 162 

several interacting neural populations simulating key brain regions involved in spatial cognition. The 163 

network transforms an egocentric sensory representation into an allocentric memory representation 164 

and vice versa, supporting both perception and imagery. 165 

The egocentric representation of the immediate environment is maintained in a parietal window 166 

(PW), consisting of populations coding for boundaries (PWb) and objects (PWo) in peri-personal 167 



space (ahead, left, right of the agent). This egocentric code is transformed into an allocentric (world-168 

centered) one via a gain-modulated transformation circuit in the RSC. This transformation is critically 169 

dependent on the current heading direction of the agent, provided by a ring attractor network of HD 170 

cells. The allocentric output of the RSC circuit drives populations of boundary vector cells (BVCs) 171 

and object vector cells (OVCs) in the medial temporal lobe, which in turn drive activity in place cells 172 

(PCs). The PCs, BVCs, and perirhinal identity cells form an attractor network that represents the 173 

spatial context and allows for pattern completion. 174 

The dynamics of most neuronal populations are governed by continuous rate-based equations 175 

(see Parameter Values and Numerical Integration). The HD cell network is implemented as a one-176 

dimensional ring attractor, providing a stable, persistent activity bump that tracks the agent's current 177 

heading direction. The transformation from egocentric (PWb/o) to allocentric (BVC/OVC) 178 

coordinates is performed by a multi-layered circuit in the RSC, where each sub-layer is maximally 179 

modulated by a specific head direction, effectively performing a rotation of the spatial representation. 180 

Implementation of Histaminergic Modulation 181 

To model the effect of histaminergic signaling from the ADn on the HD system, we implemented a 182 

gain control mechanism that modulates the output of the HD cell network. This modulation is 183 

designed to capture both the tonic (baseline) and phasic (event-triggered) components of histamine's 184 

action, as observed experimentally. 185 

The firing rate of the HD population (𝑟𝐻𝐷) was calculated from its activation (𝜙𝐻𝐷) using a standard 186 

sigmoidal function: 187 

𝑟𝐻𝐷 = 1/(1 + exp (−2 ∗ 𝛽𝐻𝐷 ∗ (𝜙𝐻𝐷 − 𝛼𝐻𝐷)))  (14) 188 

with 𝛽𝐻𝐷 = 0.1 and 𝛼𝐻𝐷 = 5. 189 

Instead of modifying the internal dynamics of the HD attractor network (𝑘𝐻𝐷), we applied a gain 190 

factor directly to the computed 𝑟𝐻𝐷 to produce a modulated output signal (𝑟𝐻𝐷_𝑚𝑜𝑑𝑢𝑙𝑎𝑡𝑒𝑑) used by 191 

downstream areas (e.g., the RSC transformation circuit): 192 

𝑟𝐻𝐷_𝑚𝑜𝑑𝑢𝑙𝑎𝑡𝑒𝑑 = 𝑔 ∗ 𝑟𝐻𝐷        (15) 193 

The gain factor (𝑔) is dynamically updated to simulate histaminergic tone: 194 

Trigger Signal (𝑅𝑡𝑟𝑖𝑔𝑔𝑒𝑟): A phasic neuromodulator release event was triggered when the simulated 195 

agent was within a threshold distance (𝑇𝑡𝑟𝑖𝑔𝑔𝑒𝑟) of any object and its velocity vector was oriented 196 

towards that object. 197 

Behavioral factor (𝐶𝐻𝐴): The behavioral factor of an abstract neuromodulator was modeled using a 198 

first-order kinetics equation:  199 

𝑑(𝐶𝐻𝐴)

𝑑𝑡
= (−𝐶𝐻𝐴 + 𝛼𝐻𝐴 ∗ 𝑅𝑡𝑟𝑖𝑔𝑔𝑒𝑟)/𝜏𝐻𝐴    (16) 200 



with 𝜏𝐻𝐴 = 0.3 𝑠 and 𝛼𝐻𝐴 = 1.0. 201 

Behavioral-state-dependent Gain (𝛾𝑐𝑜𝑛𝑡𝑒𝑥𝑡) : The final 𝑔  was determined by a baseline 𝐺𝑔𝑙𝑜𝑏𝑎𝑙 202 

and a component proportional to the product of the 𝐶𝐻𝐴 and the maximum activity in the object-203 

related parietal window (𝑚𝑎𝑥(𝑟𝑜𝑃𝑊)), scaled by a factor 𝛾𝑐𝑜𝑛𝑡𝑒𝑥𝑡: 204 

𝑔 = 𝐺𝑔𝑙𝑜𝑏𝑎𝑙 ∗ (1 + 𝛾𝑐𝑜𝑛𝑡𝑒𝑥𝑡 ∗ 𝐶𝐻𝐴 ∗ 𝑚𝑎𝑥(𝑟𝑜𝑃𝑊))  (17) 205 

This formulation allows the gain to be dynamically enhanced during object approach, simulating a 206 

phasic response atop a tonic baseline. 207 

This implementation allowed the gain of the HD system to be dynamically regulated in a behaviorally 208 

relevant and state-dependent manner, which we propose is a key computational function of 209 

histaminergic input to the ADn. 210 

Simulation Protocols and Tasks 211 

To evaluate the model's performance in spatial memory and object-location encoding, we 212 

implemented two primary simulation protocols: single-object encoding and recall, and a full OLM 213 

task. All simulations were conducted in a discretized 2D environment (22×22 units, scaled to 2×2 214 

meters) containing one or more objects. The agent’s trajectory was controlled by a velocity-based 215 

navigation algorithm with HD updating via an internal ring attractor network. 216 

Single-Object Encoding and Recall (simflag = 10): The agent started at (5, 10) with an initial heading 217 

of π radians. The task involved navigating to a series of target locations (see targetlist in code). When 218 

the agent approached within 5.0 units of an object (parameter ObjEncThresh), encoding was triggered. 219 

During encoding, sensory inputs from the object were used to drive activity in OVCs and object-220 

identity cells (oPRs). Hebbian learning was applied to update weights between hippocampal place 221 

cells (H), OVCs, and oPRs (H2OVCwts, OVC2Hwts, oPR2OVCwts, etc.). Recall was triggered by 222 

cueing the oPR layer with a previously encoded object identity during imagery mode (imag_flag = 223 

1), causing the network to reactivate the corresponding OVC representation. To quantify recall 224 

accuracy, we computed the Pearson correlation between the OVC population vector during recall and 225 

during the original encoding episode. We also computed the translational accuracy of object 226 

representations by comparing egocentric (oPW) and allocentric (OVC) activity patterns after 227 

compensating for head direction shifts (see neuromodulation_effect_test.m). Data for analysis was 228 

sampled at specific time steps (e.g., step 3000 and 5000 for distal/proximal snapshots; steps 2500–229 

6250 for activity and sparsity trends; step 10000 for imagery recall). 230 

OLM Task in Silicon (simflag = 241): The agent navigated through an environment containing two 231 

objects. After initial encoding, one object was moved to a new location (at target_no = 6). The agent 232 

was then required to detect the spatial mismatch between the stored and perceived object locations. 233 

Detection was triggered when the agent re-entered the environment and approached the moved object. 234 



Mismatch detection was quantified using a novelty signal derived from the difference in correlation 235 

between OVC population vectors for the moved object versus the unchanged object: 236 

𝑁𝑜𝑣𝑒𝑙𝑡𝑦 = 𝑐𝑜𝑟𝑟 (𝑂𝑉𝐶𝑠𝑜1𝑝𝑒𝑟𝑐𝑒𝑝
, 𝑂𝑉𝐶𝑠𝑜1𝑖𝑚𝑎𝑔

) − 𝑐𝑜𝑟𝑟 (𝑂𝑉𝐶𝑠𝑜2𝑝𝑒𝑟𝑐𝑒𝑝
, 𝑂𝑉𝐶𝑠𝑜2𝑖𝑚𝑎𝑔

) (18) 237 

We also computed firing sparsity of OVCs during perception and recall phases, and used a composite 238 

accuracy metric defined as: 239 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 = ∆𝑐𝑜𝑟𝑟 ∗ exp (−10 ∗ 𝑚𝑒𝑎𝑛(𝑠𝑝𝑎𝑟𝑠𝑖𝑡𝑦𝑂𝑉𝐶))       (19) 240 

where ∆𝑐𝑜𝑟𝑟 = −𝑁𝑜𝑣𝑒𝑙𝑡𝑦. 241 

Statistical Robustness through Repeated Simulations: To ensure the statistical robustness of our 242 

model predictions, we performed 10 independent simulation trials for each of the three histaminergic 243 

conditions (control, inhibition, and activation). For each trial, we enabled intrinsic firing rate noise 244 

(noise_flag1 = 1) while keeping all other parameters identical. A unique random seed was used for 245 

each trial to generate different instantiations of the neural noise, simulating inter-trial variability 246 

analogous to biological variability in experimental preparations. Performance metrics—including the 247 

novelty signal, OVC population correlation differences, and composite accuracy—were calculated 248 

for each trial. We then computed the mean and standard deviation across the 10 trials for each 249 

condition. Statistical comparisons between conditions were performed using one-way ANOVA 250 

followed by Tukey's post-hoc test, with significance threshold set at p < 0.05. 251 

Parameter Values and Numerical Integration 252 

The vast majority of model parameters were adopted directly from the original Bicanski-Burgess 253 

publication (Bicanski & Burgess, 2018). These include all time constants, synaptic weights, and 254 

sigmoid function parameters for the core model components (PW, RSC, BVC, PC, PR populations). 255 

All simulations were run for 10 independent trials per condition to account for intrinsic variability. 256 

The firing rate noise was implemented by adding zero-mean Gaussian noise with amplitude 257 

proportional to the baseline firing rate of each neural population (20% of baseline activity). 258 

Table 1: Parameters introduced or modified for simulating histaminergic modulation. 259 

Parameter Description Value State 

𝜏𝑛𝑒𝑢𝑟𝑜 Time constant for neuromodulator dynamics 0.3 s All 

𝛼𝑛𝑒𝑢𝑟𝑜 Scaling factor for trigger signal 1.0 All 

𝑇𝑡𝑟𝑖𝑔𝑔𝑒𝑟 Distance threshold for triggering phasic release 7 units  All 



Parameter Description Value State 

𝐺𝑔𝑙𝑜𝑏𝑎𝑙 Baseline tonic gain 0.91 Control 

  0.83 Inhibition  

  1.00 Activation 

𝛾𝑐𝑜𝑛𝑡𝑒𝑥𝑡 Amplitude of phasic gain modulation 0.5 Control 

  0.0 Inhibition  

  1.0 Activation 

 260 

Whole-brain mapping and quantitative analysis of retrogradely labeled neurons 261 

Whole-brain registration and atlas alignment. 262 

Every fifth section throughout the entire brain was imaged using VS120 (Olympus Corpration, Japan) 263 

to capture the tdTomato signal. The resulting image series for each brain were processed using the 264 

ABBA (Aligning Big Brains and Atlases) plugin in FIJI59. In brief, the native space images were 265 

manually aligned to the Allen Mouse Brain Common Coordinate Framework (CCFv3) reference atlas. 266 

A rigid transformation was first applied for initial coarse alignment, followed by an affine 267 

transformation for fine-scale adjustment, ensuring optimal registration of the individual brain sections 268 

to the corresponding atlas plates. 269 

Automated cell detection and quantification in QuPath. 270 

The atlas-aligned images, along with the propagated anatomical annotations from the ABBA 271 

registration, were imported into QuPath (version 0.6.0) to create a whole-brain project for each animal. 272 

To identify and count retrogradely labeled neurons, an automated detection pipeline was established. 273 

A 'Positive Cell Detection' algorithm was applied, which was optimized based on a subset of manually 274 

annotated cells to maximize accuracy. The detection parameters were set as follows: the detection 275 

image was set to the red channel; the background radius was set to 8.0 μm; the median filter radius 276 

was 5 μm; the sigma for Gaussian smoothing was 1.5 μm; and the intensity threshold was set to 100 277 

to distinguish positive signals from background. The minimum and maximum cell area were 278 

constrained to 50 μm² and 400 μm², respectively, to exclude non-cellular objects and debris. The same 279 

parameter set was applied consistently across all sections and all three animals. The anatomical 280 

identity of each detected cell was automatically assigned based on the imported atlas annotations 281 



from ABBA. 282 

Data aggregation and analysis. 283 

For each animal, the counts of labeled neurons from all analyzed sections were aggregated by brain 284 

region according to the Allen Brain Atlas hierarchy. The raw cell counts for each region were then 285 

normalized to account for sampling frequency, resulting in the total estimated number of labeled 286 

neurons per brain region per animal. The final data presented represent the mean ± standard error of 287 

the mean (SEM) across the three biological replicates (N = 3 mice). 288 
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Supplementary Figures 290 

 291 

 292 

Supplementary Figure S1 | Functional connectivity between TMN and ADn. 293 

a, Viral strategy and validation for anterograde labeling of histaminergic terminals. Top: Schematic 294 

of AAV injection into the TMN of HDC-CreERT2 mice. Bottom Left: Representative image showing 295 

expression of AAV-FLEX-ArchT-EGFP in the TMN. Bottom Right: Representative images showing 296 

EGFP+ histaminergic fibers and terminals in the anterodorsal (ADn) and anteroventral (AV) thalamic 297 

nuclei. Scale bar, 100 μm. 298 

b, Retrograde tracing of ADn inputs using CTB. Top: Schematic of CTB-555 injection into the ADn 299 

of a wild-type mouse and a representative image of the injection site. Bottom: Representative image 300 

showing retrogradely labeled histaminergic neurons (CTB-555+, white arrows) in the TMN. Scale 301 

bar, 100 μm. 302 

c, Retrograde viral tracing of TMN neurons projecting to the ADn. Top: Schematic of Retro-FLEX-303 

mCherry injection into the ADn of HDC-CreERT2 mice. Bottom: Representative image showing 304 

retrogradely labeled, mCherry-expressing histaminergic neurons in the TMN. Scale bar, 100 μm. 305 

d-e, Optogenetic activation of TMN histaminergic neurons evokes histamine release in the ADn.  306 

d, Top: Schematic of dual-virus injection and dual-fiber implantation: AAV-FLEX-ChrimsonR-307 

mCherry in the TMN and AAV-hSyn-HA1m in the ADn. Bottom: Histological verification of 308 

ChrimsonR expression in the TMN and fiber placement in the ADn and TMN. Scale bar, 500 μm. 309 

e, Histamine sensor response to optical stimulation (γ = 589 nm, 30 s on, 10 Hz, 10 ms) of TMN 310 

histaminergic neurons. Left: Heatmap of Z-scored ΔF/F sensor signals across trials (20 trials from N 311 

= 4 mice). Middle: Average Z-scored ΔF/F trajectory (mean ± s.e.m.); shaded area indicates the light 312 

stimulation period. Right: Area under the curve (AUC) analysis of the sensor response for pre, during 313 

and post the stimulation period. One-way ANOVA, Tukey's multiple comparison test. 314 



All error bars and shaded areas represent mean ± s.e.m. * P ≤ 0.05; ** P ≤ 0.01; *** P ≤ 0.001; **** 315 

P ≤ 0.0001; n.s., not significant. 316 
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 318 

Supplementary Figure S2 | Somatosensory input via whiskers is necessary for object-triggered 319 

histamine release in the ADn. 320 

a, Population data of Z-scored ΔF/F trajectories of the histamine sensor aligned to the onset of object 321 

approach (time = 0) in whisker-trimmed mice. Traces are shown for both objects during the first and 322 

second exposure stages. No significant modulation was observed during object exploration following 323 

whisker removal. Two-way RM ANOVA. 324 

b, AUC analysis for the exploration epochs defined in a. No significant differences were found across 325 

objects or stages. RM one-way ANOVA, Tukey's multiple comparisons test, n = 5 mice. 326 

c, Control recordings using a mutated, histamine-insensitive sensor (HA1mut) in the ADn during the 327 

object location memory (OLM) task. Population data of Z-scored ΔF/F trajectories show no 328 

significant fluctuations during object exploration epochs. 329 

d, AUC analysis for the exploration epochs defined in c. No significant differences were found. RM 330 

one-way ANOVA, Tukey's multiple comparisons test, n = 4 mice. 331 

All error bars and shaded areas represent mean ± s.e.m. n.s., not significant. 332 



 333 

Supplementary Figure S3 | Whole-brain quantitative mapping of monosynaptic inputs to ADn-334 

projecting histaminergic neurons. 335 

a, Viral strategy for trans-neuronal, triple retrograde tracing from ADn-projecting histaminergic 336 

neurons in the TMN of HDC-CreERT2 mice. 337 

b, Whole-brain map showing representative regions containing neurons providing monosynaptic 338 

input to ADn-projecting histaminergic neurons (labeled with tdTomato). Insets: Representative image 339 

of the viral injection site in the ADn (white arrow) and the starter cells (co-expressing GFP and 340 

tdTomato, yellow arrows) in the TMN. Scale bar, 1 mm (applicable to whole-brain images and insets). 341 

c, Quantitative summary of monosynaptic inputs to ADn-projecting histaminergic neurons. Bar plot 342 

ranks all 64 identified brain regions by the mean number of tdTomato+ input neurons per mouse (N 343 

= 3 mice), from the highest to the lowest. Data are presented as mean ± s.e.m. 344 



 345 

Supplementary Figure S4 | Histaminergic signaling bidirectionally modulates the object-346 

associated tuning of anterodorsal thalamic head-direction cells. 347 

a-e, Spatial tuning properties under control (saline) conditions. (N = 12 cells) 348 

a, Population vector length for proximal and distal epochs. Unpaired t-test. b, Spatial information 349 

content. Unpaired t-test. c, Peak firing rate was significantly higher in proximal epochs compared to 350 

distal. Unpaired t-test. d, Mean firing rate. Unpaired t-test. e, Preferred firing direction. Unpaired t-351 

test.  352 

f-j, Enhanced spatial tuning following activation of histaminergic neurons. (N = 6 cells) 353 

f, Population vector length. Unpaired t-test. g, Spatial information content. Unpaired t-test. h, Peak 354 

firing rate. Unpaired t-test. i, Mean firing rate. Unpaired t-test. j, Preferred firing direction. Unpaired 355 

t-test. 356 

k-o, Attenuated spatial tuning following inhibition of histaminergic neurons. (N = 6 cells) 357 

k, Population vector length. Unpaired t-test. l, Spatial information content was significantly lower in 358 

proximal epochs following inhibition. Unpaired t-test. m, Peak firing rate was significantly higher in 359 

proximal epochs. Unpaired t-test. n, Mean firing rate. Unpaired t-test. o, Preferred firing direction. 360 

Unpaired t-test. 361 

All data are presented as mean ± s.e.m. Significant differences between proximal and distal epochs 362 

are indicated: * P ≤ 0.05; ** P ≤ 0.01; *** P ≤ 0.001; n.s., not significant. 363 



 364 

Supplementary Figure S5 | Optogenetic inhibition of histaminergic terminals in the ADn does 365 

not alter basal exploratory locomotion, or anxiety-like behavior. 366 

a, Performance on the object location memory (OLM) encoding phase with optogenetic inhibition. 367 

Left: Total exploration time for all objects. Right: Exploration time for each individual object (A, B). 368 

No significant differences were found between groups. One-way ANOVA, Tukey's multiple 369 

comparison test, n as in Fig. 6d. 370 

b, Performance on the OLM encoding phase with optogenetic inhibition during recall phase. Left: 371 

Total exploration time. Right: Exploration time for each individual object (A, B). No significant 372 

differences were found between groups. One-way ANOVA, Tukey's multiple comparison test, n as in 373 

Fig. 6e. 374 

c, Performance on the novel object recognition (NOR) encoding phase with optogenetic inhibition. 375 

Left: Total exploration time for all objects. Right: Exploration time for each individual object (A, B). 376 

No significant differences were found between groups. One-way ANOVA, Tukey's multiple 377 

comparison test, n as in Fig. 6g. 378 

d, Performance on the NOR encoding phase with optogenetic inhibition during recall phase. Left: 379 

Total exploration time. Right: Exploration time for each individual object (A, B). No significant 380 

differences were found between groups. One-way ANOVA, Tukey's multiple comparison test, n as in 381 

Fig. 6h. 382 

e, Performance in the open field test (OFT) following optogenetic inhibition. Metrics include: mean 383 

speed (first 10 min), total distance moved (first 10 min), time spent in the center (first 5 min), and 384 

distance moved in the center (first 5 min). No significant differences were found between control and 385 

inhibition groups, indicating that inhibition did not affect locomotor activity or anxiety-like behavior. 386 

Unpaired t-test, n = 17, 17 mice. 387 



 388 

Supplementary Figure S6 | Optogenetic activation of histaminergic terminals in the ADn does 389 

not alter basal exploratory locomotion, or anxiety-like behavior. 390 

a, Performance on the NOR task with optogenetic activation during the encoding phase. Left: 391 

Exploration time for each object during the encoding phase. Middle: Total exploration time during 392 

the recall phase. Right: Discrimination index during the recall phase. No significant differences were 393 

found between groups One-way ANOVA, Tukey's multiple comparison test, n = 8, 5, 8 mice. 394 

b, Performance on the NOR task with optogenetic activation during the recall phase. Left: Exploration 395 

time for each object during the encoding phase. Middle: Total exploration time during the recall phase. 396 

Right: Discrimination index during the recall phase. No significant differences were found between 397 

groups. One-way ANOVA, Tukey's multiple comparison test, n = 10, 8, 11 mice. 398 

c, Performance in the OFT following optogenetic activation. Metrics include: mean speed (first 10 399 

min), total distance moved (first 10 min), time spent in the center (first 5 min), distance moved in the 400 

center (first 5 min), and number of entries to the center (first 5 min). No significant differences were 401 

found between control and activation groups, indicating that activation did not affect locomotor 402 

activity or anxiety-like behavior. Unpaired t-test, n = 8, 8 mice. 403 
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 405 

Supplementary Figure S7 | Conditional knockout of H3R in the ADn does not alter baseline 406 

locomotor, anxiety-like, or novel object recognition behaviors. 407 

a, Performance on the NOR task following H3R knockout. Left: Exploration time for each object and 408 

total during the encoding phase. Right: Total exploration time and discrimination index during the 409 

recall phase. No significant differences were found between groups, indicating that loss of H3R did 410 

not affect novel object recognition. Unpaired t-test, n = 14, 13 mice. 411 

b, Performance in the OFT following H3R knockout. Metrics include: mean speed (first 10 min), total 412 

distance moved (first 10 min), time spent in the center (first 5 min), distance moved in the center (first 413 

5 min), and number of entries to the center (first 5 min). No significant differences were found 414 

between control and knockout groups, indicating that loss of H3R did not affect locomotor activity 415 

or anxiety-like behavior. Unpaired t-test, n = 11, 12 mice. 416 
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 418 

Supplementary Figure S8 | Depletion of H1Rs in the ADn does not impair object location 419 

memory. 420 

a, Schematic of AAV injection into the ADn of Hrh1fl/fl mice for conditional knockout of the H1 421 

receptors. 422 

b, Exploration time for each object during the encoding phase of the OLM task. No significant 423 

difference was found between groups. Unpaired t-test, nGFP/Cre = 8/8 mice.  424 

c, Discrimination index during the recall phase of the OLM task. Knockout of the H1 receptor in the 425 

ADn did not significantly impair spatial memory performance compared to the control group. 426 

Unpaired t-test, nGFP/Cre = 8, 8 mice. 427 
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 429 

Supplementary Figure S9 | Chemogenetic activation of ADn-RSC projections rescues spatial 430 

memory deficits in H3R conditional knockout mice. 431 

a-c, Functional validation of a downstream target: Activating the projections from H3R-knockout 432 

ADn neurons to the retrosplenial cortex (RSC) rescues spatial memory deficits. 433 

a, Left: Schematic of bilateral viral injection in the ADn of Hrh3fl/fl mice. Viruses express Cre 434 

recombinase (for H3R knockout) and the chemogenetic actuator hM3Dq. Right: Schematic of 435 

bilateral cannula implantation in the RSC for infusion of the hM3Dq agonist DCZ or saline. 436 

b, Exploration during the encoding phase of the OLM task following intra-RSC infusion. No 437 

significant differences were found between saline and DCZ groups. Unpaired t-test, nsaline/DCZ = 10, 438 

10 mice. 439 

c, Performance during the recall phase. Left: Activation of ADn-RSC projections significantly rescued 440 

the discrimination index. Right: Total exploration time was unchanged. Unpaired t-test, nsaline/DCZ = 441 

10, 10 mice. 442 
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 444 

Supplementary Figure S10 | Overexpression of H3R445 in the ADn does not alter baseline 445 

exploration, locomotor activity, or anxiety-like behavior. 446 

a, Exploration behavior during the OLM task following H3R445 overexpression. Left: Exploration 447 

time for each object during the encoding phase. Right: Total exploration time during the recall phase. 448 

No significant differences were found between groups. Unpaired t-test, n = 14, 8 mice. 449 

b, Exploration behavior during the NOR task following H3R445 overexpression. Left: Exploration 450 

time for each object during the encoding phase. Right: Total exploration time during the recall phase. 451 

No significant differences were found between groups. Unpaired t-test, n = 10, 10 mice. 452 

c, Performance in the OFT following H3R445 overexpression. Metrics include: mean speed (first 10 453 

min), total distance moved (first 10 min), time spent in the center (first 5 min), distance moved in the 454 

center (first 5 min), and number of entries to the center (first 5 min). No significant differences were 455 

found between groups, indicating that H3R445 overexpression did not affect locomotor activity or 456 

anxiety-like behavior. Unpaired t-test, n = 14, 7 mice. 457 
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 459 

Supplementary Figure S11 | Overexpression of H3R365 in the ADn does not alter baseline 460 

exploration, locomotor activity, or anxiety-like behavior. 461 

a, Exploration behavior during the OLM task following H3R365 overexpression. Left: Exploration 462 

time for each object during the encoding phase. Right: Total exploration time during the recall phase. 463 

No significant differences were found between groups. Unpaired t-test, n = 8, 6 mice. 464 

b, Exploration behavior during the NOR task following H3R365 overexpression. Left: Exploration 465 

time for each object during the encoding phase. Right: Total exploration time during the recall phase. 466 

No significant differences were found between groups. Unpaired t-test, n = 8, 6 mice. 467 

c, Performance in the OFT following H3R365 overexpression. Metrics include: mean speed (first 10 468 

min), total distance moved (first 10 min), time spent in the center (first 5 min), distance moved in the 469 

center (first 5 min), and number of entries to the center (first 5 min). No significant differences were 470 

found between groups, indicating that H3R365 overexpression did not affect locomotor activity or 471 

anxiety-like behavior. Unpaired t-test, n = 8, 6 mice. 472 


