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Abstract: 28 

Shifts in spatial patterns produced during the execution of a navigational task can be used to track the 29 

effects of the accumulation of knowledge and the acquisition of structured information about the 30 

environment. Here we provide a quantitative analysis of mice behavior while performing a novel goal 31 

localization task in a large, modular arena, the HexMaze. To demonstrate the effects of different 32 

forms of previous knowledge we first obtain a precise statistical characterization of animals’ paths 33 

with sub-trial resolution and over different phases of learning. The emergence of a flexible 34 

representation of the task is accompanied by a progressive improvement of performance, mediated 35 

by multiple, multiplexed time scales. We then use a generative mathematical model of the animal 36 

behavior to isolate the specific contributions to the final navigational strategy. We find that animal 37 

behavior can be accurately reproduced by the combined effect of a goal-oriented component, 38 

becoming stronger with the progression of learning, and of a random walk component, producing 39 

choices unrelated to the task and only partially weakened in time.  40 

 41 

Significance Statement: 42 

This work presents a novel statistical analysis we applied to describe mice behavior during a goal-43 

reaching task in a large, modular environment (HexMaze). By combining sub-trial quantification of 44 

animal navigation with mathematical modeling of the task, we aim at developing analysis tools that 45 

can match the demands of rich, articulated experimental paradigms. We show how mice progressively 46 

incorporate information about the task and the maze structure and how such knowledge accumulation 47 

unfolds over multiple time scales. We also demonstrate how mice never completely converge to 48 

optimal behavior: even in late phases of learning a substantial part of their behavior can be ascribed 49 

to purely random choices with no relationship with the location of the goal. 50 

  51 
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Introduction: 52 

The problem of learning, and especially of the integration of new information into an already existing 53 

knowledge structure, is at the center of the effort to understand brain functioning (Alonso et al., 54 

2020b). When using rodent animal models, such problem has often been addressed in the context of 55 

spatial navigation and map learning (Richards et al., 2014; Wang and Morris, 2010). Animals 56 

knowledge about the environment, and the degree to which they can acquire new information, can be 57 

linked to their ability to easily navigate to specific locations and flexibly adapt to changes in the 58 

environment (Behrens et al., 2018). Nevertheless, the characterization of the effects of learning has 59 

been mostly restricted to simple tasks, with limited spatial and temporal complexity, focusing on 60 

isolating specific components of the learning process with highly-controlled paradigms. Indeed, the 61 

difficulties in precisely monitoring the animal behavior pose one of the major limiting factors in the 62 

development of more comprehensive experimental paradigms (Fonio et al., 2009). Here we aim at 63 

filling this gap by providing a quantitative framework for the description of navigational strategies, 64 

expressed by mice while completing a spatial task.  65 

 66 

Assessing the effects of the accumulation of learning on the performance in a spatial orientation task 67 

requires the combination of two elements. On the one hand, the complexity of the task should be high 68 

enough to allow for the expression of rich behavioral patterns and of different grades of information 69 

acquisition (Benjamini et al., 2011). Disentangling the different components informing animal 70 

choices requires providing animals with multiple options over a sizable spatial and temporal interval. 71 

Such availability is also a requirement in the interest of understanding animal behavior in its 72 

naturalistic setting (Tchernichovski and Benjamini, 1998). Wild rodents experience will include an 73 

articulate system of burrows together with the surrounding layout, a situation that can only be 74 

captured in the laboratory by studying spatial learning in larger, more complex environments (Wood 75 

et al., 2018).    76 

 77 

As a consequence of the richer behavioral repertoire accessible to the animal, successfully tracking 78 

the evolution of task-related abilities requires the deployment of specific quantification tools, aimed 79 

not only at measuring task performance but also the specifics of animal behavior that accompany it 80 

(Dvorkin et al., 2008). Such tools should also provide a link between observable changes in the animal 81 

choice patterns and shifting navigational strategies underlying such choices (Gehring et al., 2015; 82 

Ruediger et al., 2012).  83 

 84 

In this study we use a novel spatial task, featuring a goal-localization paradigm with extended spatial 85 

and temporal dimensions, the HexMaze (Figure 1, top). Mice learn to locate a reward location in a 86 

larger, modularly structured maze, providing precise control over animals’ paths. Testing animals 87 

over a long temporal period, and after a modification of the environment as either we introduce a 88 

novel reward location or alternatively, we place a set of barriers to block some paths (Figure 1), we 89 

look at the effects of previous knowledge on their performance and on their ability to flexibly 90 

incorporate novel information. We are thus able to track different contributions to the observed 91 

animal behavior, including those linked with information encoding, memory consolidation and 92 

cognitive map formation (for a complete description of learning dynamics on the maze see companion 93 

paper (Alonso et al., 2020a)). To test the effects of such components, we apply statistical analysis to 94 

obtain a fully-characterized picture describing the evolution of animal choices with sub-trial 95 

resolution. Importantly, such detailed phenomenological description of trial-by-trial behavioral 96 

profiles is then complemented with a generative model of task trajectories based on a mathematical 97 

description of task completion process (Figure 1).  98 

 99 

This modeling approach unveils a limited set of principles guiding animal choices. Our results show 100 

how animal behavior can be faithfully reproduced by a minimal mixture of random walking and goal-101 

directed runs over limited distances. The relative importance of these two components over the 102 
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different phases of learning (initial goal-location acquisition, consolidation over multiple sessions, 103 

cognitive map update in coincidence with environmental modifications) not only provides a concise 104 

characterization of animal approach to the task, but mirrors the emergence of task-specific memory 105 

constructs, offering a direct quantification of learning induced patterns of behavior. We find that, 106 

although we can observe an increasing amount of knowledge about the task and the maze structure 107 

being incorporated by animals, their performance never really converges to be completely goal-108 

directed. Instead we can measure the influence of a consistent random component, interfering with 109 

optimal task performance, and being only partially reduced with increasing familiarity to the task. 110 

Persistence of such task-independent activity could be a product of exposing animals to an expanded 111 

task complexity, effectively giving them increased freedom to divert from task completion, but it 112 

might also reflect mice specific idiosyncratic behavior, possibly triggered by their propensity to 113 

hyperactivity (Jones et al., 2017). In both cases, further application of our modeling approach is likely 114 

to provide further insight on the diversity of behavioral approaches linked to different cognitive 115 

demands and different species.   116 

 117 

Methods 118 

Subjects 119 

Five cohorts of four male C57BL/6J mice each (Charles River Laboratories) aged two months at 120 

arrival, were group-housed in the Translational Neuroscience Unit of the Centraal 121 

Dierenlaboratorium (CDL) at Radboud University Nijmegen, Netherlands. They were kept at a 12 h 122 

light/ 12 h dark cycle and were before training food deprived overnight during the behavioural testing 123 

period. Weight was targeted to be at 90% to 85% of the animals’ estimated free-feeding weight. All 124 

animal protocols were approved by the Centrale Commissie Dierproeven (CCD, protocol number 125 

2016-014-018). The first cohort (coh 1) was used to establish general maze and task parameters and 126 

are not included in this data set..  127 

 128 

HexMaze 129 

The HexMaze was assembled from 30 10 cm wide opaque white acrylic gangways connected by 24 130 

equilateral triangular intersection segments, resulting in 36.3 cm distance center-to-center between 131 

intersections (Fig. 1A). Gangways were enclosed by either 7.5 cm or 15 cm tall white acrylic walls. 132 

Both local and global cues were applied to provide visual landmarks for navigation. Barriers 133 

consisted of transparent acrylic inserts tightly closing the space between walls and maze floor as well 134 

as clamped plates to prevent subjects bypassing barriers by climbing over the walls. The maze was 135 

held 70 cm above the floor to allow easy access by the experimenters. 136 

 137 

Behavioural Training 138 

After arrival and before training initiation, mice were handled in the housing room daily for 1 week 139 

(until animals freely climbed on the experimenter) and then habituated to the maze in two 1 h sessions 140 

(all four cage mates together) with intermittent handling for maze pick-ups (tubing (Gouveia & Hurst, 141 

2017)). Mice were trained either on Mondays, Wednesdays and Fridays (coh 1-3) or Tuesday and 142 

Thursday (coh 4+5). Per training day (session) each mouse underwent 30 min of training in the maze, 143 

resulting in up to 30 trials per session, Fig. S3. The maze was cleaned with 70% ethanol between 144 

animals (later clean wipes without alcohol to avoid damaging the acrylic), and to encourage 145 

returning in the next trial, a heap of food crumbles (Coco Pops, Kellogg’s, USA) was placed at a 146 

previously determined GL, which varied for each animal. GLs were counterbalanced across animals, 147 

as well as within animals across GL switches. E.g. one out of four animals, and one out of four GL 148 

per animal would be located on the inner ring of the maze while the others were on the outer ring (to 149 

shape animal behaviour against circling behaviour). Start locations for each day were generated 150 

based on their relation to the GL and previous start locations (locations did not repeat in subsequent 151 

trials, at least 60% of the trials had only one shortest path possible, first trial was different to the last 152 

and first trial of the previous session and locations had at least two choice points distance to each 153 
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other as well as the GL). On average 30 start locations were needed per day per mouse, which were 154 

generated the day before training. After the mouse reached the food and ate a reward, the animal 155 

would be manually picked up with a tube, carried around the maze to disorient the mouse, and placed 156 

at the new start location. All pick-ups in the maze were done by tubing (Gouveia & Hurst, 2017). 157 

After placing the animal at the start location, the experimenter quickly but calmly moved behind a 158 

black curtain next to the maze to not be visible to the animal during training trials. An example of the 159 

view of the animal within the maze can be seen in Movie 1.  160 

Training consisted of two blocks: Build-Up and Updates. During probe sessions (each second session 161 

of a GL switch and additionally in Build-Up GL1: S6, GL2: S5, GL3-5 S4) there was no food in the 162 

maze for the first and ninth trial of the day and each time for the first 60 s of the trial to ensure that 163 

olfactory cues did not facilitate navigation to the GL. After 60 s food was placed in the GL while the 164 

animal was in a different part of the maze (to avoid the animal seeing the placement). All other trials 165 

of the day were run with food at the GL. Probe trials and GLs switches were initially minimized, to 166 

help shape the animal behaviour. In the first trial of the day, animals would not find food at the last 167 

presented location for both the first session of a new GL as well as probe trial days (e.g. always the 168 

second session of a new GL); thus these sessions were interleaved with normal training sessions with 169 

food present at the last known location in the first trial of the day to avoid the animals learning the 170 

rule that food is initially not provided. 171 

To measure the animals’ performance, the actual path a mouse took was divided by the shortest 172 

possible path between a given start location and the GL, resulting in the log of normalized path length 173 

(Fig. 1B) and functioning as a score value. Given a sufficient food motivation and an established 174 

knowledge-network of the maze a mouse should navigate the maze efficiently. A score of 0 indicated 175 

that the mouse chose the shortest path and navigated directly to the goal. On average, animals would 176 

improve from a 3 times to 1.5-2 times longer path length than the shortest path, corresponding to 0.4 177 

and 0.2-3 log values. Random walks through the maze are estimated with a model to result in a 4 178 

times longer path (0.6 in log). The normalized path length of any first trial of a session was used to 179 

measure long-term memory since training sessions were two to three days apart.  180 

First trial of the second sessions (probe trials) of each goal location in Build-up and Update phase 181 

were watched to score the number of times that animals crossed their current and previous goal 182 

location as well as the amount of time they dwelled there. As a control, same method was applied to 183 

two other nodes, one on the inner ring and the other on the outer ring of the maze. These nodes were 184 

selected in such a way that they were not close to each other and to the goal locations, with at least 185 

three gangways between them. Further, to control a false positive result, nodes that were in the way 186 

between goal locations were not chosen as a control 187 

Food motivation was ensured by restricting access to food for 12 h to 24 h before training and 188 

confirmed by both the number of trials ran each day as well as the count of trials during which the 189 

animal ate food at the first encounter with the food in each trial. If animals were not sufficiently 190 

motivated, the count of both would decrease. Additionally, animals were weighted three times a week 191 

and the average weekly weight was ensured to not fall below estimated 85% free-feeding weight, 192 

which was adapted for the normal growth of each animal across time. 193 

 194 

 195 

Behavior Analysis:  196 

The structure of the HexMaze experimental setup was reproduced as a directed graph with node 197 

numbering corresponding to the experimental one. Animal trajectories were thus described as 198 

sequences of visited nodes on this graph (Figure 1, top).  199 

When measuring the distance of the animal location from one of the nodes in the optimal path, one 200 

has to consider the possible presence of multiple shortest paths of equal length connecting the start 201 

location with the goal. To take into account this source of ambiguity, for each trial, we computed the 202 

optimal path between the two locations using the HexMaze graph with weighted edges. The shortest 203 

path was computed multiple times each time on a different graph, first initialized with uniform weights 204 



 

 5 

and then adding small random noise to the value of every edge. In this way, in the presence of 205 

alternative and equivalent paths, the noisy weights would lead to the selection of either of the existing 206 

ones on a random basis. By collecting all the nodes happening to be described as belonging to a 207 

shortest path we thus obtain a list of all the nodes to be considered when computing the distance of 208 

the animal from the optimal path.     209 

The experimental trials are divided as following: each condition (Build-Up, Location Update or 210 

Barrier Update) comprises 3 sessions. For each session we analyze separately the first trial and then 211 

the following trials in groups of 10 until trial number 31.  212 

Distance from optimal path curves fitting:  213 
We used the following function to parametrize the animal performance.  214 

𝐹 = 𝐴 ∗ ((𝑁(0, 𝐿1) − 𝑁(0, 𝐿2))/𝑍) 215 

The difference of Gaussian functions (N) is normalized (Z) so that its maximum value is equal to. 216 

Therefore, A then controls the peak value of fit, while L1 and L2 its descending and ascending length, 217 

respectively. The fit is performed by optimizing the values of A, L1 and L2 (Figure 4, top).  218 

Mean and variance of the different measures for each condition were evaluated using 50-fold 219 

bootstrapping. 220 

 221 

Goal Location Shuffling Analysis: 222 

The specificity of the results for goal-directed behavior was tested by randomly assigning each trial 223 

with a random goal location drawn from any of those used in the experiment. We generated surrogate 224 

data by randomly shuffling goal locations across all trials from a particular trial block used in the 225 

analysis. Behavioral performance analyses were then repeated using the newly assigned goal 226 

location as the target location for the optimal path and for the evaluation of the Relative Trial Length. 227 

In cases in which the mice trajectory for a particular trial did not include the surrogate goal location, 228 

we assigned by default a RTL of 10.  229 

 230 

Simulations:  231 

The simulations are performed as following: we create a virtual HexMaze as a directed graph having 232 

the same structure of the real one. At every time step the virtual mouse moves from one node to an 233 

adjacent one. We do not allow trajectory reversals, so the node visited at the previous time step is not 234 

taken into account as a target. The start and goal locations are the same as those used in the 235 

experiment. Each run consists then in a sequence of nodes visited by the mouse and the run eventually 236 

ends when the animal reaches the goal. We augment the size of the modelled data by simulating 237 

multiple independent runs (n=50) for each experimental trial.  238 

 239 

The movements of the virtual animal are generated according to an algorithm with two components: 240 

Random Search and the Foresight. The Random Search part consists in a procedure to select which 241 

node the animal is going to visit next and is meant to approximate an optimal search strategy. While 242 

performing Random Search the animal randomly picks the next node among the available ones. On 243 

top of this we introduce the possibility for the animal to take long diagonal runs that take it to another 244 

section of the maze. These diagonal runs are initiated with a probability η at any time step. If a 245 

diagonal run is initiated, then a node is randomly picked among those in the outer ring and at a 246 

distance of at least 3 steps from the current position of the animal. The mouse then uses the following 247 

time steps to reach this target along the shortest available path. Once the target is reached, the 248 

random node selection is resumed. We use different simulations to vary the value of η. Decreasing 249 

the value of this probability makes the search strategy approximate more and more a purely random 250 

walk through the environment. Higher values introduce a larger amount of “optimality” as they allow 251 

the animal to more quickly leave an already explored area. 252 

 253 

The Foresight component on the other hand represents the ability of the animal to anticipate the 254 

location of the goal when getting within a certain distance from it. It is therefore aimed at 255 
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representing the effect of experience and an increasing knowledge of the environment and of visual 256 

cues. At every step, we draw a random number from an exponential distribution with mean F:    257 

𝑝(𝑥) =  
1

𝐹
𝑒−

𝑥

𝐹. If the shortest path from the animal location to the goal node is smaller of this number, 258 

then the animal takes a direct path to the goal and the trial is over. Also in this case we run different 259 

sets of simulations varying the value of F. F=0 corresponds to an animal with no ability to remember 260 

the position of the goal from its current location, unless by running directly over it. As F increases 261 

the chances for the simulated mouse to detect the goal from some distance increase. Eventually a 262 

very large F would reproduce a goal-directed behavior. 263 

 264 

For each set of parameters, we measure how well the statistics of the simulated runs reproduce those 265 

obtained from real animal behavior. To do so we use a combination of measures: 1) relative trial 266 

length (as the ratio between the actual length of the trajectory and the length of the shortest path 267 

between start and goal location); 2) maximal distance from the optimal path reached during the trial; 268 

3) amount of time spent in the external ring of the maze vs. the internal ring. For each of these 269 

quantities we compare the distribution obtained from the experiment to the one generated simulating 270 

the trajectory of the animal according to a specific set of parameters. We measure the distance 271 

between the two distributions with Kolmogorov-Smirnov statistics. Therefore for each set of 272 

experimental trials we obtain get how well the statistical properties of the animal behavior can be 273 

reproduced by a certain choice of the model parameters.  274 

 275 

The experimental trials are divided as following: for each condition (Build-Up, Location Update or 276 

Barrier Update) we used the first 3 session. During Build-Up more sessions were run for each goal 277 

location, however here we focus on the first 3 to be able to compare it with the Update phase. For 278 

each session we analyze separately the first trial and then the following trials in groups of 10 until 279 

trial number 31.  280 

 281 

Statistical Analysis: 282 

Sample size of the data available and used for each behavioral condition is reported in Table 1. 283 

Simulated data samples correspond to the same numbers multiplied by 50. 284 

Throughout the paper bootstrap estimates of mean and standard deviation of different measured 285 

quantities are obtained from n=50 resampling with replacement.  286 

Whenever mentioned Kolmogorov-Smirnov test is meant to be two-samples. Reported non-significant 287 

differences were all associated with a p>0.1 and a size effect < 0.08. Minimal n*m/(n+m) ratio was 288 

equal to 50.  289 

 290 

 291 

Code Accessibility: 292 

The code/software described in the paper is freely available online at  293 

 294 

https://github.com/fstella/HexMaze_BehaviorAnalysis 295 

 296 

All analysis and simulations were performed using custom MATLAB code. 297 

  298 

 299 

Results: 300 

The HexMaze Experiment 301 

The HexMaze is arranged as six regular densely packed hexagons, forming twelve two-way and 302 

twelve three-way choice points (nodes) 36.3 cm apart, in total spanning 2 m x 1.9 m (Fig. 1, Top). 303 

Gangways between nodes were 10 cm wide and flanked by either 7.5 cm or 15 cm tall walls. Maze 304 

floor and walls were white and opaque, with local and global cues applied in and around the maze to 305 

enable easy spatial differentiation and good spatial orientation; overall leading to a complex, 306 
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integrated maze. During training food was placed in one of the nodes and the animal had to learn to 307 

navigate efficiently from different start locations to the goal location (GL). 308 

 309 

Animals went through two phases of training: Build-Up and Updates. In the Build-Up the animals 310 

should create a cognitive map of the maze environment; in contrast, during Updates, stable 311 

performance is achieved and they should be simply updating the cognitive map. These two phases 312 

also differed in the frequency of GL switches: during Build-Up, the GL remained stable for five or 313 

more sessions, while during Updates a change occurred every three sessions (see also below). For 314 

more detailed analysis of the different phases of learning in this task, please see companion paper 315 

(Alonso et al., 2020a). Different Update types were performed: including barriers in the environment 316 

(Barrier Update) and changing the goal location (Location Update) (Fig. 1, bottom). Number of trials 317 

used in the following analysis are reported in Table 1. 318 

 319 

 320 

Characterization of animal behavior in the HexMaze 321 

We first set out to quantify the time-evolution of animal behavior. The structure of the HexMaze 322 

allows for an efficient tracking of the animal choices, as its behavior is easily described by the 323 

sequence of visited maze nodes. Therefore, in the following we will focus on this descriptor to 324 

measure different aspects of the animal performance during the experiment. Clearly, the main element 325 

to be taken into account when analyzing behavior is the ability of the animal to efficiently localize 326 

the reward and reach it through a path as short as possible (Figure 1).  327 

A perfectly optimal, goal-oriented behavior, would imply that after a necessary learning transient the 328 

trajectories selected by the animal would progressively converge toward the shortest available given 329 

the start location and the reward one. By measuring the ratio between the length of the actual path 330 

(measured in terms of number of nodes visited before reaching the goal) and the length of the optimal 331 

path (Relative Trial Length = RTL), over a certain amount of trials, one would then expect to observe 332 

this distribution to be more and more skewed towards the value of 1, corresponding to the animal 333 

actually following the optimal path (Figure 2). Indeed what we find is a progressive increase in the 334 

percentage of trials with a low RTL score (Figure 2, last column), within each session and across 335 

sessions. Multiple effects point to an actual presence of learning and to a growing awareness of the 336 

maze structure and goal location in the animals. First, during Build-Up not only the score improves 337 

within each session (Welch’s t-test 1st session p=10e-90, 2nd p=10-76, 3rd p=10e-68), but animals 338 

consistently do better in the first trial of a new session compared to the previous one (Welch’s t-test 339 

1st trial session 1 vs 2 p=10e-21, session 2vs3 p=10e-12). Then, while the score goes back to pre-340 

learning values at the beginning of the Location Update, when a new unknown goal is introduced, it 341 

reaches its asymptotic value faster compared to Build-up (Welch’s t-test 1st trial 2nd session Build-up 342 

vs Location Update, p=0.03). And finally, the insertion of barriers has only a very limited effect on 343 

the animal performance. Furthermore, we tested the actual presence of goal-directed behavior and the 344 

specificity of the results for the goal location by randomly reassigning the target node across all trials 345 

from the same trial block and recomputing the RTL (Figure 2, bottom raw). Results obtained from 346 

the surrogate data show no effect of learning and no difference from un-directed behavior thus 347 

indicating the presence of genuine task-related learning. At the same time the hypothesis of over-348 

wise, totally committed mice is challenged by the fact that although increasing in time, the probability 349 

of a perfect (or almost perfect) run remains substantially below 1 over the entire arc of the experiment, 350 

even after the animals have been repeatedly exposed to the maze and to a specific reward location. 351 

The trial relative length distribution shows a long tail of values larger than 1 (Figure 2, columns 1 to 352 

3), indicating that the animal choices are far from corresponding to a purely optimal, goal-oriented 353 

strategy.   354 

 355 

One way to further characterize the degree to which the mouse behavior is goal-directed is to measure 356 

how far during the trial, its trajectory would steer away from the optimal path joining the starting 357 
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location to the reward. We thus look to expand the trial level RTL score into a description of the 358 

within-trial structure of behavior, looking at the specific sequence of choices made by the animal.  359 

For each trial and for each node visited by the animal during the trial, we then compute the Distance 360 

From Optimal Path (DFOP), that is, the distance between the visited node and any of the nodes 361 

comprising the optimal path. For each trial we then obtain a measure of ‘stray’ over time, providing 362 

a profile of the animal approach to the goal (Figure 3). When averaged over different set of trials, this 363 

profile shows a bump shape, quantifying the amount of deviation from optimal behavior, showing an 364 

increase at the beginning of the trial and eventually converging again towards the correct path. These 365 

curves provide us with different information about the animal trajectories over the course of the 366 

experiment: i) the amount of ‘stray’, that is the average maximum distance from the optimal path, ii) 367 

the average length of the trials and iii) how fast the animal will go back to the correct path after 368 

straying away in the beginning. We can extract this information from the data by fitting a 369 

parametrized function to the DFOP average profiles. We use a normalized difference of Gaussians 370 

(see Methods) that provides us an excellent approximation of the experimental curve shapes (Figure 371 

4, top row). This fit depends on 3 parameters: 1. The maximum height; 2. The amount of steps to 372 

reach the maximum and 3. The amount of steps to go back to the optimal path. Separately plotting 373 

the value of these three parameters, obtained by fitting the data from different stages of learning, we 374 

can identify the different components contributing to the overall change in performance (Figure 4). 375 

In fact, we observe how the maximum height and the descending scale show a gradual decrease with 376 

time, consistently with the improving performance of the animal (Figure 4, first and second column. 377 

Build-up within session decrease Maximum height: Welch’s t-test 1st session p=10e-51, 2nd p=10e-378 

29, 3rd p=10e-28, Descending scale: Welch’s t-test 1st session p=10e-40, 2nd p=10e43, 3rd n.s.. Build 379 

up 1st trial decrease Maximum height: Welch’s t-test 1st Vs 2nd session p=0.025, 2nd Vs 3rd p=10e-8, 380 

Descending scale: Welch’s t-test 1st Vs 2nd session p=10e-20, 2nd Vs 3rd p=10e-31. Location update 381 

2nd session 1st trial Build-up Vs Location Update, Maximum height: Welch’s t-test 382 

p=0.033,Descending scale: Welch’s t-test p=10e-11). Again, also these two parameters show an 383 

overall trend across all the phases of the experiment although their evolution is not monotonous, but 384 

rather has a seesaw shape due to the partial rollbacks happening between the last trials of one session 385 

and the first trial of the following one. At the same time, the ascending phase is not significantly 386 

affected by learning, showing that while the animals progressively strayed less and eventually took 387 

more direct runs to the goal, they nevertheless maintained a comparable amount of undirected 388 

behavior in the first part of the trial. Together with the previous analysis, our quantification of the 389 

animal behavior, shows how the navigation of mice in the HexMaze, can be described as a 390 

combination of learning-based choices (evident in the progressive improvement in all goal-related 391 

metrics) and of a persistent non-optimal component, keeping the overall behavior away from perfect 392 

performance even for late sessions and trials.  393 

 394 

Minimal Mathematical Model Describing Animal Choices  395 

We then asked whether such results could be reproduced by a simplified model of the animal 396 

behavior. We simulate the trajectories produced by a virtual agent navigating the same HexMaze used 397 

in the experiment as it searches for the reward location. In these simulations the mouse moves in the 398 

environment selecting the next node to visit according to a set of predefined rules. We define these 399 

rules as a combination of a random walk through the environment and direct goal-runs based on the 400 

knowledge of the reward location. Crucially, the model depends on only two parameters, η, the 401 

probability of taking a long diagonal run while randomly moving through the environment; and F, 402 

determining the probability that the animal will at any time start to run directly towards the reward 403 

location (a quantity that for this reason, we named Foresight). We thus simulate the animal behavior 404 

using different combinations of these 2 parameters and compare the obtained statistics with those 405 

collected during the real experiment. The comparison is based on quantifying the distance between 406 

the distribution of relative trial lengths in real and virtual trajectories.  407 
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We find that our simple behavioral models very accurately approximate the animal strategy in every 408 

part of learning. For each set of trials, we find a combination of η and F that makes the distributions 409 

not significantly different (all p>0.1, all effect sizes < 0.08, as evaluated using two samples 410 

Kolmogorov-Smirnov statistics) (Figure 5).  411 

We thus consider the (η, F) pair that minimizes the distance between experimental and simulation 412 

statistics for a specific set of trials (Figure 5). This pair of values is taken as best describing the 413 

behavioral characteristics of the animal navigation through the maze. The evolution of these values 414 

in time provides us with a measure of the effects of learning on animal’s behavior. Moreover, the 415 

model relevance is corroborated by finding that the simulated trajectories obtained with parameters 416 

optimized to fit the trial length distribution also reproduced other statistical features of the animal 417 

behavior. In fact, both the distribution of maximal distance from the optimal path, and that of average 418 

time spent on the inner vs. outer ring of the maze were captured by our simulations (Comparison 419 

between behavior and model: two samples Kolmogorov-Smirnov (KS)  all p>0.1, all effect sizes < 420 

0.07, Figure 6).  421 

 422 

Studying the time evolution of the model parameter we first determine that the best value of η is not 423 

significantly affected by the progression of learning, and that it remains confined to 0 across the entire 424 

experiment. Therefore, learning does not change the properties of random movement across the maze, 425 

and indeed this movement pattern appears to be largely unstructured, being captured by a simple 426 

sequence of random turns. On the other hand, the effects of learning are instead reflected in the 427 

evolution of the best value for Foresight (Figure 7). As shown in the figure, its value starts at 0 for 428 

the first trial of the Build-Up phase, compatibly with an animal with no knowledge of the reward 429 

location and only randomly moving across the maze. F then progressively increases with the 430 

accumulation of trials, indicating a growing awareness for the location of the reward, its relationship 431 

to visual cues and possibly for the geometrical structure of the maze itself. Interestingly, Foresight 432 

increase is significant (KS p<0.05 comparing model distributions) both across trials within one 433 

session (single lines in the plot) and across the first trial for each session, indicating a non-monotonic 434 

increase in performance (as we already found while analyzing the animal trajectories), reflecting a 435 

drop in performance between the end of one session and the start of the next one. What sort of 436 

conclusions can be drawn from the model results about the animal behavior in the maze? Even at late 437 

stages of the Build-Up phase, the Foresight value remains relatively low, never raising above a value 438 

of 2. This limit points to a significant presence of random walking even for mice that have completed 439 

a substantial number of trials. They appear to initiate goal-directed runs only when in close proximity 440 

to the reward and only rarely from the very beginning of the trial.  441 

Should the persistence of random behavior be taken as proof of a failure of the animal to build a 442 

complete “cognitive-map” of the maze? We can partially address this issue by looking at the 443 

performance of the model in different experimental conditions. Taking the Location Update phase, 444 

we see how Foresight is again close to 0 for the very first trial, consistently with the presence of a 445 

novel reward location. Nevertheless, in the following trials, the value of F increases at a significant 446 

faster rate compared to the build-up phase (KS p<0.05). The mice are thus able to quickly integrate 447 

the new information into the knowledge they accumulated in the previous build-up sessions. This 448 

effect is not limited to the first update session but can be seen in a rapid saturation of F in the following 449 

session, although again its value does not grow beyond 2.    450 

Similarly, using Barrier Update sessions, when barriers are added to the maze, while maintaining the 451 

reward locations stable, the behavior of the animal appears to be at the same level of the build-up 452 

trials from the very beginning of this phase. Improvement in the goal-directed behavior can be still 453 

seen within one session, but no significant difference can be observed between sessions. The 454 

relatively low impact of barrier introduction is consistent with animal strategy being dominated by a 455 

random walk and only affected by the presence of the goal when in the proximity of it. 456 

 457 

  458 
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Discussion: 459 

The HexMaze provides the ideal setting to characterize animal spatial cognition, as it combines the 460 

availability of options to express complex behavior, with the possibility to precisely monitor and 461 

quantify animal navigational choices (Alonso et al., 2020a). In particular, in this set of experiments 462 

we leverage on its structure to study the development of goal-directed behavior in mice learning to 463 

localize a reward location. We first provide a statistical characterization of the animal navigational 464 

patterns as they traverse the maze, by comparing them to the path expected from optimal goal-465 

oriented behavior. Our results show a clear effect of learning in mice, as they progressively tune their 466 

trajectories to reach the reward in a shorter time and visiting less nodes on the maze. We find that 467 

their trajectories are less likely to stray away from the optimal path, and that eventual detours are 468 

shorter lasting. Indeed, we can show that all of the trajectory quantifiers evolve according to a 469 

superposition of different time courses: i) they steadily improve on the first trial of each session; ii) 470 

their improvement over the course of a session becomes faster in later sessions; iii) the rate of 471 

improvement is enhanced after a novel reward location is introduced during the Update phase (goal 472 

location switches after 12 weeks of learning) in contrast to the Build-Up phase (initial goal location 473 

switches); iv) introducing path-blocking barriers in the maze has only a very limited effect, when the 474 

reward location is already familiar to the animal. Such sharpening of trajectories over the course of 475 

the experimental paradigm is in direct agreement with the presence of different forms of previous 476 

knowledge, all contributing to enhance the animal performance in the task (Gire et al., 2016). The 477 

emergence of an allocentric representation of the maze, the linking of specific cues to the proximity 478 

of the goal location, the strengthening of memory encoding and consolidation, can be all considered 479 

to affect the measured properties of navigational patterns. For a more detailed discussion on different 480 

potential previous knowledge effects in the task, see companion paper (Alonso et al., 2020a).      481 

 482 

At the same time our measures also bring to the foreground how mice behavior remains significantly 483 

distant from a purely optimal one. Mice never develop a completely goal-oriented pattern of 484 

movements, as a consistent part of their choices on the maze appears to be independent of the goal 485 

location. To identify the nature of this layer of non-optimal behavior, we develop a computational 486 

model of HexMaze navigation producing virtual animal trajectories based on specific generative 487 

principles. This minimal mathematical model indicates how two components are sufficient to 488 

reproduce, with little parameter tuning, most of the statistical properties of mice real behavior. As 489 

expected from the previous results, we find that the first of these components is an increasing 490 

propensity to directly run towards the goal location, whose effects are felt further and further away 491 

from the goal with the accumulation of learning. Goal-directed runs stemming from this component 492 

are however combined with a basis of purely random choices that remains present throughout the 493 

experimental paradigm (Thompson et al., 2018).  494 

 495 

One could find rather surprising this persistent neglect of the task requirements, leading to mice 496 

spending a considerable amount of time exploring portions of the maze distant from the goal, even 497 

when other behavioral measures indicate their awareness of its actual location. Indeed, the likelihood 498 

of direct runs does not seem to be completely determined by the amount of knowledge about the 499 

reward location, which appears to be available to the animal long before the end of the Build-up 500 

phase. Instead the steady and progressive increase of goal-directed behavior can be attributed to a 501 

shift in the animal approach to the task, giving more and more saliency to the known reward location. 502 

This shift does not happen abruptly, neatly separating a random walk phase from a goal-oriented one, 503 

but instead is embedded in a mixture of the two behaviors, appearing together on trial-by-trial basis. 504 

It is possible that this tendency to persist in random-like behavior, could have been hidden in other 505 

experimental paradigms by the lack of options available to the animals, as they were given very little 506 

possibilities to show behavior not related to the task. In the context of a larger spatial arena the balance 507 

between “exploratory” and “exploitative” behavior (Jackson et al., 2020; Wilson et al., 2021) might 508 

shift sensibly toward the former, leading to an increase in undirected behavior. We are also aware 509 
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that this pattern of behavior could be specific to mice. In fact, random exploration might be a 510 

consequence of mice hyperactivity (Jones et al., 2017) and their reluctance to consistently focus on 511 

the accomplishment of a specific task. A tendency that in the present case could be further exacerbated 512 

by the absence of sheltered locations in the maze, an element that has been shown to be of great 513 

relevance for these animals’ sense of security. With this in mind, it is not too far out to expect rats to 514 

perform very differently in this same experimental setting, which is currently under investigation. In 515 

a previous study, Jones et al (Jones et al., 2017) could show that rats and mice differed in levels of 516 

baseline activity measured as shuttle rate during inter-trial intervals; mice shuttled two to three times 517 

as frequently as rats. Species differences in behavioural ecology may underlie this difference, as for 518 

example mice needing to move rapidly when outside burrows in order to minimise predation risk. 519 

They tend to use bursts of speed to run from a more sheltered position to the next. Applying our 520 

modelling approach to another experimental condition will allow us to extend it to include novel 521 

behavioural components, and might open the way to turn the current descriptive approach into a 522 

predictive one, producing different strategy combinations depending on the external context.  523 

 524 

Regardless of the final explanation of this finding, we acknowledge how these results have significant 525 

consequences for the interpretation of the neural correlates of goal-directed navigation. Place cell 526 

activity in the rodent hippocampus has been shown to organize in sequential “sweeps” linking the 527 

current location of the animal to that of one or more goal locations, when the animal is asked to take 528 

a decision (Wikenheiser and Redish, 2015). Similarly, it has been proposed that sequences of 529 

activated place cells during a Sharp Wave Ripple bear information about future navigational paths 530 

(Pfeiffer and Foster, 2013). Our results, demonstrating the co-existence of goal-oriented behavior 531 

with a substantial amount of random choices when testing mice in a more naturalistic experimental 532 

setting, suggests that such neural episodes might be circumscribed both in time and space, and might 533 

play a more limited role when considering animals with a richer set of behavioral options.    534 

 535 

 536 

 537 

 538 

 539 
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 616 

  Session 1 Session 2 Session 3 

  
Trial 

1 
Trial 2-

11 
Trial 

12-21 
Trial 

22-31 
Trial 

1 
Trial 2-

11 
Trial 

12-21 
Trial 

22-31 
Trial 

1 
Trial 2-

11 
Trial 

12-21 
Trial 

22-31 

Build-Up 75 749 571 260 65 640 555 325 50 494 426 219 

Location 
Update 76 761 633 231 64 638 564 302 52 517 400 176 

Barrier 
Update 76 760 601 245 64 640 581 355 52 519 449 229 

Table 1 Number of Trials used in the analysis for each condition. Number of simulated runs 

correspond to the same amounts multiplied by n=50.  
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Figure 1 HexMaze Structure and Experimental Paradigm. Top: View of the maze (left) and 

its graph representation used in the analysis (right). Bottom Left: Two main performance 

metrics are used. 1) Relative Trial Length is the length of the paths taken by the animal divided 

by the shortest possible path to the goal location (indicated by the big X). 2) Distance from 

Optimal Path is the distance of the animal position at any time from the closest point of the 

shortest path. Bottom right: During training, animals started each trial from a different location 

and had to navigate to a fixed Goal Location. After the animals had acquired the general maze 

knowledge during the Build-Up, Updates were performed with inclusion of new barriers (Barrier 

Update) or new goal locations (Location Update) 
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 636 

Figure 2 Animals are progressively more likely to take shorter paths to the goal. 

Distribution of relative trial lengths (RTL) for different trial groups and sessions. For each 

session, trials from different animals were grouped in 4 categories: 1st trial only, from 2nd to 11th 

trial, from 12th to 21st trial and from 22nd to 31st trial.  RTL = 1 corresponds to perfect trial. Last 

column: probability of RTL < 1.5 (optimal trial) over time. Last row: RTL computed after 

randomly shuffling the goal location across trials. The absence of learning-induced changes 

indicates their specificity for goal-directed behavior. Errorbars show STD computed by 50 

bootstraps.   
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Figure 3 Quantification of animal trajectories departure from optimal path. Distance from 

optimal path (DFOP) over time for all trial groups and sessions. Last column panels: comparison 

of the 1st trial for the 3 sessions. The effects of learning can be seen in the progressive reduction 

of the distance within each session. Additionally, DFOP decreases on the first trial of every 

successive session. Once a new goal location is introduced, convergence to asymptotic 

performance is faster than during initial learning. Finally, the insertion of barriers has only 

limited effects on behavior.    
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  652 

Figure 4: Learning sharpens animal performance by progressively reducing trajectory 

distance from optimal path. Results of the parametric fit of the curves in Figure 3. Top row, 

example of the obtained match between experimental curves and the parametric fit. Bottom, 

value of the fit parameters over time for all conditions and sessions. Errorbars STD from 

bootstrapping. This fit allows us to quantify: i) the amount of ‘stray’, that is the average 

maximum distance from the optimal path, ii) the average length of the trials and iii) how fast the 

animal will go back to the correct path after straying away in the beginning. Maximum distance 

and descending length show a decreasing modulation over time: within one session, across 

sessions, and during goal location shift, consistently with learning effects. Descending length 

shows instead no significant improvement, in line with a persistent influence of a random 

component on behavior.      
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 656 

Figure 5: A minimal mathematical model reproduces the main properties of animal 

behavior. Model Fitting to Experimental Data. Left Column: Simulated-Experimental KS 

Distance for a range of tested Foresight values. Red triangles indicate location of best-fit F value 

for different sets of trials. Right Column: Comparison of cumulative distributions for different 

trial groups and corresponding simulation results with best F-value. All shown data is from 

Build-Up phase.  
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Figure 6: Further behavioral features matched by model fits. Top row: Evolution of the 

Maximal Distance from Optimal Path and the Fraction of Time spent in the Maze Outer 

Ring for the Build-Up phase. Rows 2 to 5: Same data as Figure 5. Using the same parameters 

obtained from fitting Relative Trial Length distributions, the model also reproduces other aspects 

of animal behavior such as the distribution of Maximal Distance from the Optimal Path (left) and 

the distribution of relative time spent in the outer or inner ring of the maze on each trial (right). 

Real and model-based distributions are non-significantly different for every experimental phase 

and trial group (KS, all p>0.1).  
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Movie 1: Mimicking animal view in the maze 665 
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Figure 7: Modelling of animal behavior shows the accumulation of spatial information over 

the course of the experiment. Foresight Evolution: Best-fit values of Foresight for different 

experimental phases, sessions and trial groups. Our model reproduces the different phases of 

learning identified from behavioral analysis. The Foresight quantity appears to increase over the 

course of a session and with the accumulation of sessions. Goal location change is followed by a 

return to pre-learning values, but successive increase in faster than during initial task learning 

(here shown as for reference with a dashed line). Also in terms of inferred navigational strategy, 

the insertion of barriers in the maze has only limited effects.  

 

 

 


