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Abstract 11 

New information is rarely learned in isolation, instead most of what we experience can be incorporated into or 12 

uses previous knowledge networks in some form. Previous knowledge in form of a cognitive map can facilitate 13 

knowledge acquisition and will influence how we learn new spatial information. Here, we developed a new spatial 14 

navigation task where food locations are learned in a large, gangway maze to test how mice learn a large spatial 15 

map over a longer time period – the HexMaze. Analysing performance across sessions as well as on specific trials, 16 

we can show simple memory effects as well as multiple effects of previous knowledge of the map accelerating 17 

both online learning and performance increases over offline periods when incorporating new information. We 18 

could identify three main phases: 1) Learning the initial goal location, 2) faster learning after two weeks when 19 

learning a new goal location and then 3) the ability to express one-session learning leading to long-term memory 20 

effect after 12 weeks. Importantly, we are the first to show that build-up of a spatial map is dependent on how 21 

much time passes, not how often the animal is trained. 22 

 23 

Significance Statement 24 

While most tasks in human behavioral research are based on and embedded in familiar efforts and environments, 25 

rodents tend to be naïve to the behavioral tasks and can draw only little benefit from previous experience. We 26 

developed a new task that can investigates the effect of previous knowledge on new memory acquisition. Within 27 

the task we can differentiate between different previous knowledge effects. We show that different phases in this 28 

task are suitable for different approaches to memory: from simple reference memory to rapid consolidation once a 29 

map is established. Further, we show that building up a knowledge network  is dependent on how much time 30 

passes and not how much training an animal receives. 31 

  32 
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Introduction 33 

How does one learn new spatial environment? And once a spatial layout of an environment is learned, how is it 34 

used when incorporating new information? After infancy, we rarely acquire new information in isolation, instead 35 

most of what we learn throughout our lives can be associated with previous knowledge. For example, Harlow 36 

(1949) described learning sets as the “learning to efficiently learn” process of generalizing previous experience in a 37 

class of problems to new problems of the same class. Further, schemas, as proposed by Bartlett (1932) and 38 

expanded on by Gosh and Gilboa (2014), are associated network structures based on previous experience that 39 

expedite long-term memory. Previous knowledge can also affect spatial and map learning: the more experience 40 

you have with an environment the easier it will be to navigate through it and learn new goal locations within it. In 41 

the past decade, more research into how previous knowledge affects learning in rodents has been provided, but 42 

how mice learn a very large, complex environment over a longer time period has not been investigated so far. The 43 

present project aims to tackle the question in which steps map-knowledge affects learning and provides a large, 44 

comprehensive data-set on mice spatial navigation for others to use with 16 mice over ~ten months with a total of 45 

+30 000 trials.  46 

Outside laboratory settings, rodents will learn the spatial layout of their home environment with likely food and 47 

water resources as well as danger zones. Further, they will also learn the complex layout of their home burrow 48 

system. Surprisingly, laboratory tasks rarely tap into this spatial ability of learning large spatial environments. 49 

Further, most experiments using more complex spatial abilities have been done in rats and not mice. Rat burrows 50 

have been used to test for path integration and general navigation patterns (Alyan & McNaughton, 1999; mario & 51 

giorgio, 1970; Zuri & Terkel, 1996) and mazes composed of four or more connected square environments have 52 

been used to test if rats take novel shortcuts (Grieves & Dudchenko, 2013; Roberts et al., 2007). Less has been 53 

done with mice. Most prominent spatial task with mice is the star maze by Rondi-Reig (Fouquet et al., 2013; Rondi-54 

Reig et al., 2006). The star maze is a circular gang-way maze that has five arms going off the main circular path. 55 

However, the maze is generally used to test how animals learn one single goal location with either an allocentric 56 

strategy based on cue-related navigation or a motor-sequence strategy based on body turns. This goal location 57 

remains stable during training and no changes are introduced to the environment. How previous knowledge of the 58 

environment is used to incorporate new information such as a goal location switch has not been investigated so 59 

far. 60 

The distinction between early spatial learning and incorporation of new information once the original spatial map 61 

has been established is critical. How much previous knowledge exists when learning something new will influence 62 

the rate of learning and consolidation as well as neural underpinnings. Relevant brain areas can show a shift in the 63 

presence of previous knowledge (Alonso et al., 2020; Genzel & Wixted, 2017; Squire et al., 2015; van Kesteren et 64 

al., 2012; Wang & Morris, 2009). In human research, the previous knowledge effect has been long established 65 

(Bartlett, 1932) but it was not introduced to rodent research until the seminal study of paired-associates task 66 

introducing the schema effect on systems consolidation in rats (Tse et al., 2007). During the task, rats initially learn 67 

a small map of six flavour-location associations: they receive a flavoured pellet in the start box and learn that more 68 

of the same flavoured pellets can be found in one specific sand well in an open field environment. After learning 69 

six flavour-location pairs over nine weeks creating a mental map of paired-associate locations or ‘schema’, this 70 

map can be updated with new flavour-location pairs. In a sequence of papers, it was shown that previous 71 

knowledge accelerates learning to a one-trial event as well as the rate of systems consolidation, i.e. the process of 72 

memories that are initially hippocampal dependent becoming hippocampal-independent, from weeks to days 73 

(Bethus et al., 2010; Tse et al., 2007). Further, in addition to the hippocampus, the medial prefrontal cortex needs 74 

to be active during encoding for memories to last (Tse et al., 2011; Wang et al., 2012). In these experiments, the 75 

schema is based on the map of flavour-locations and not simply the rule that flavours will be associated with 76 
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locations, as they could show in a critical control experiment with an unstable map.  The involvement of the medial 77 

prefrontal cortex as a structure for the schema effect – the expedition of long-term memory – was then later 78 

confirmed in humans (Ghosh & Gilboa, 2014; van Buuren et al., 2014; van Kesteren, Fernandez, et al., 2010b; van 79 

Kesteren, Rijpkema, Ruiter, & Fern ndez, 2010). How experience of a complex, spatial map will influence navigation 80 

and new learning has been investigated in humans (Patai et al., 2019) but so far not in rodents. This is surprising, 81 

since the concept of a cognitive map representation in the brain is long-standing (O'Keefe & Nadel, 1978). With 82 

place-cells in the hippocampus and grid-cells in the entorhinal cortex, we have learned about the basic building 83 

blocks how the cognitive map is coded in the brain (McNaughton et al., 2006; Moser et al., 2008). These same 84 

fundamental building blocks have been shown to also be harnessed for non-spatial memory representation and 85 

associations between these (Behrens et al., 2018). Therefore, map learning can be the ideal model for us to 86 

understand how we build-up as well as update our knowledge systems. 87 

In the present study, we aimed at developing a new behavioural task in which we focus on map-learning of a larger 88 

environment and how mice can use this type of previous knowledge to navigate to and flexibly update information 89 

about goals. Further, in this task we can investigate the role of previous knowledge on new memory acquisition 90 

and consolidation across different time-points in training. In order to achieve this, it is important that during both 91 

initial build-up of the knowledge network  as well as later updates, the difficulty of the task and thereby cognitive 92 

load remains the same. Thus, we chose to train mice in a large environment to navigate to a single goal location. 93 

We expect to see different types of previous knowledge effects on the performance of the mice, reflected in the 94 

length of their navigational paths: learning the general task principles (static food location and allocentric 95 

navigation from different starting positions), enhancing memory encoding (increased performance on the second 96 

up to the last trial of a session) and enhancing memory consolidation (increased long-term memory and 97 

performance on the first trial of each session). To test how quickly new information can be incorporated into this 98 

map, we changed the goal locations every few sessions. 99 

We could show that mice learn this complex spatial map in three main phases: 1) Learning the initial goal location, 100 

2) faster learning after two weeks when learning a new goal location and then 3) finally a third phase after 12 101 

weeks to express one-session learning leading to long-term memory. Importantly, the map build-up is dependent 102 

on how much time passes (weeks), not how often the animal is trained (training days). In addition to the 103 

enhancement of long-term memory after map acquisition, we can distinguish a simple memory effect reflected by 104 

better performance across the first couple sessions of the first goal location. Furthermore, an initial learning set 105 

effect after two weeks of training is seen in the first goal location switch as well as a late learning set effect after 12 106 

weeks of training. This initial learning set effect is not expressed in the first trial of a session (long-term memory 107 

and thus different than the previous described effect) but does facilitate the increase of overall session 108 

performance. Finally, focussing on later learning after 12 weeks, we could show that the degree of overlap with 109 

previous knowledge influences navigational performance on the first session of a change, i.e. how quickly new 110 

information could be incorporated online. Thus, the HexMaze task allows to distinguish four effects of previous 111 

knowledge on memory expressed across three phases in time, ranging from learning set to rapid consolidation and 112 

within-session updating. With this task we can provide a very rich data-set (+30 000 individual trials) that allows 113 

the investigation of spatial navigation patterns of mice and how they develop within a session as well as across 114 

weeks of experience with the spatial map of the maze. 115 

 116 

  117 
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Methods and Materials 118 

Subjects 119 

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

housed in the Translational Neuroscience Unit of the Centraal Dierenlaboratorium (CDL) at Radboud University 121 

Nijmegen, Netherlands. They were kept at a 12 h light/ 12 h dark cycle and were before training food deprived 122 

overnight during the behavioural testing period. Weight was targeted to be at 90% to 85% of the animals’ 123 

estimated free-feeding weight. All animal protocols were approved by the Centrale Commissie Dierproeven (CCD, 124 

protocol number 2016-014-018). The first cohort (coh 1) was used to establish general maze and task parameters 125 

and was not included in the current analysis.  126 

 127 

HexMaze 128 

The HexMaze was assembled from 30 10 cm wide opaque white acrylic gangways connected by 24 equilateral 129 

triangular intersection segments, resulting in 36.3 cm distance center-to-center between intersections (Fig. 1A). 130 

Gangways were enclosed by either 7.5 cm or 15 cm tall white acrylic walls. Both local and global cues were applied 131 

to provide visual landmarks for navigation. Barriers consisted of transparent acrylic inserts tightly closing the space 132 

between walls and maze floor as well as clamped plates to prevent subjects bypassing barriers by climbing over 133 

the walls. The maze was held 70 cm above the floor to allow easy access by the experimenters. 134 

 135 

Video acquisition and tracking 136 

Two USB cameras (C270, Logitech, Switzerland) were installed 2.1 m above the gangway plane with overlapping 137 

field-of-vision (FOV) to provide full coverage of the arena and reduce obstruction of vision by maze walls. Image 138 

data (15 frames/s, 800 x 600 px2 per camera) was acquired on a low-end consumer PC (Ubuntu 19.04, AMD Ryzen 139 

2200G, 8 GB RAM) with a custom Python scripts (Anaconda Python 3.7, OpenCV 4.1.0) at controlled brightness and 140 

exposure levels. Images were immediately compressed and written to disk for offline analysis. In parallel, online 141 

tracking was applied for feedback to the experimenter and adjustments of the paradigm. Briefly, for each camera 142 

view a mask was generated at the beginning of the experiment based on the contrasting brightness of the maze 143 

and experimental room floor. This arena outline mask was applied to new frames and a foreground mask 144 

generated using the OpenCV MOG2 background estimation implementation (Zivkovic & van der Heijden, 2006). 145 

The resulting foreground mask was cleaned and the centroid for the largest detected foreground object in a 146 

tracking search window calculated as the putative location of the mouse in the maze. The location was smoothed 147 

over time using a Kalman filter, interpolating occasional occlusions by the maze walls and similar detection failures 148 

modes. The detected location was mapped to the closest node, and visually presented to the experimenter as well 149 

as logged for offline path analysis. Synchronization between cameras for offline analysis was enabled by presenting 150 

a blinking LED (1 Hz, 50% duty cycle) in the overlapping FOV of both cameras. Experimenters could indicate start 151 

and offset of trials using a remote presenter (R400, Logitech, Switzerland). 152 

 153 

Behavioural Training 154 

After arrival and before training initiation, mice were handled in the housing room daily for 1 week (until animals 155 

freely climbed on the experimenter, see videos on https://www.genzellab.com/#/animal-handling/) and then 156 

habituated to the maze in two 1 h sessions (all four cage mates together) with intermittent handling for maze pick-157 

ups (tubing (Gouveia & Hurst, 2017)). Mice were trained either on Mondays, Wednesdays and Fridays (coh 1-3, 158 

group 1) or Tuesday and Thursday (coh 4+5, group 2). Per training day (session) each mouse underwent 30 min of 159 

training in the maze, resulting in up to 30 trials per session. The maze was cleaned with 70% ethanol between 160 

animals (later clean wipes without alcohol to avoid damaging the acrylic), and to encourage returning in the next 161 

trial, a heap of food crumbles (Coco Pops, Kellogg’s, USA) was placed at a previously determined GL, which varied 162 
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for each animal. GLs were counterbalanced across animals, as well as within animals across GL switches. E.g. one 163 

out of four animals, and one out of four GL per animal would be located on the inner ring of the maze while the 164 

others were on the outer ring (to shape animal behaviour against circling behaviour). Start locations for each day 165 

were generated based on their relation to the GL and previous start locations (locations did not repeat in 166 

subsequent trials, at least 60% of the trials had only one shortest path possible, first trial was different to the last 167 

and first trial of the previous session and locations had at least two choice points distance to each other as well as 168 

the GL). On average 30 start locations were needed per day per mouse, which were generated the day before 169 

training. After the mouse reached the food and ate a reward, the animal would be manually picked up with a tube, 170 

carried around the maze to disorient the mouse, and placed at the new start location. All pick-ups in the maze 171 

were done by tubing (Gouveia & Hurst, 2017). After placing the animal at the start location, the experimenter 172 

quickly but calmly moved behind a black curtain next to the maze to not be visible to the animal during training 173 

trials. Each cohort had multiple experimenters (bachelor and master interns, both female and male experimenters) 174 

and different cohorts were run by different sets of students. Each mouse was habituated to each experimenter 175 

before training in the maze. Each training day the animals were brought to the training room at least 20 min 176 

before training start. 177 

Training consisted of two blocks: Build-Up and Updates. During probe sessions (each second session of a GL switch 178 

and additionally in Build-Up GL1: S6, GL2: S5, GL3-5 S4) there was no food in the maze for the first trial of the day 179 

and each time for the first 60 s of the trial to ensure that olfactory cues did not facilitate navigation to the GL. After 180 

60 s food was placed in the GL while the animal was in a different part of the maze (to avoid the animal seeing the 181 

placement). All other trials of the day were run with food at the GL. Probe trials and GLs switches were initially 182 

minimized, to help shape the animal behaviour. In the first trial of the day, animals would not find food at the last 183 

presented location for both the first session of a new GL as well as probe trial days (e.g. always the second session 184 

of a new GL); thus these sessions were interleaved with normal training sessions with food present at the last 185 

known location in the first trial of the day to avoid the animals learning the rule that food is initially not provided. 186 

To measure the animals’ performance, the actual path a mouse took was divided by the shortest possible path 187 

between a given start location and the GL, resulting in the log of normalized path length (Fig. 1B) and functioning 188 

as a score value. Given a sufficient food motivation and an established knowledge-network of the maze a mouse 189 

should navigate the maze efficiently. A score of 0 indicated that the mouse chose the shortest path and navigated 190 

directly to the goal. On average, animals would improve from a 3 times to 1.5-2 times longer path length than the 191 

shortest path, corresponding to 0.4 and 0.2-3 log values. Random walks (random choice at each node) through the 192 

maze are estimated with a model to result in a 4 times longer path (0.6 in log). A more refined random walk with 193 

random choices at each node and once in a while a long diagonal run is included in the companion article 194 

(Vallianatou et al., 2020). The normalized path length of any first trial of a session was used to measure long-term 195 

memory since training sessions were two to three days apart.  196 

First trial of the second sessions (probe trials) of each goal location in Build-up and Update phase were watched to 197 

score the number of times that animals crossed their current and previous goal location as well as the amount of 198 

time they dwelled there. As a control, same method was applied to two other nodes, one on the inner ring and the 199 

other on the outer ring of the maze. These nodes were selected in such a way that they were not close to each 200 

other and to the goal locations, with at least three gangways between them. Further, to control a false positive 201 

result, nodes that were in the way between goal locations were not chosen as a control 202 

Food motivation was ensured by restricting access to food for 8 h to 24 h before training and confirmed by both 203 

the number of trials ran each day as well as the count of trials during which the animal ate food at the first 204 

encounter with the food in each trial. If animals were not sufficiently motivated, the count of both would decrease. 205 

Additionally, animals were weighted three times a week and the average weekly weight was ensured to not fall 206 

below estimated 85% free-feeding weight, which was adapted for the normal growth of each animal across time. 207 

 208 
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 209 

Data Analysis 210 

Normalized path length for all trials was calculated using MATLAB 2017b (MathWorks, USA). Repeated measures 211 

ANOVAs were run in SPSS Statistics 25 (IBM, USA) to determine the effect of goal location switches and session on 212 

the log normalized path length during the Build-up and across the three different types of Updates. Within subject 213 

factors were goal location, update type, session and trial. The only between subject factor was 2 day a week (group 214 

2) vs. 3 day a week (group 1) training. If sphericity was not given, Greenhouse-Geisser was used.  215 

  216 
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Results 217 

The HexMaze 218 

The HexMaze is arranged as six regular densely packed hexagons, forming twelve two-way and twelve three-way 219 

choice points (nodes) 36.3 cm apart, in total spanning 2 m x 1.9 m (Fig. 1A). Gangways between nodes were 10 cm 220 

wide and flanked by either 7.5 cm or 15 cm tall walls. Maze floor and walls were white and opaque, with local and 221 

global cues applied in and around the maze to enable easy spatial differentiation and good spatial orientation; 222 

overall leading to a complex, integrated maze. During training food was placed in one of the nodes and the animal 223 

had to learn to navigate efficiently from different start locations to the goal location. To measure performance in 224 

this maze, we divided the taken path of each trial by the shortest possible path (Fig. 1B, comparison of different 225 

performance parameters see later below and Fig. 9). To eliminate the resulting skewness (skewness 3.33) we used 226 

the log of the normalized path (skewness 0.72). The reason for the skew of the data is that ~30% of the trials are 227 

direct runs (paths) resulting in values of 1 and 0 (without and with log respectively) and animals cannot perform 228 

better than a direct run i.e. there is a ceiling effect and maximum values for best memory performance. Thus no 229 

normal distribution can be achieved with this type of data. Using the log decreases the skew and allows for use of 230 

GLM in analysis. However, the data without log (see section at the end of results and Fig. 9) shows the same 231 

learning curves and effects. Each session lasted 30 min per animal, resulting in 25-35 trials per session with each 232 

trial starting from a different location within the maze (Fig. 1C). Evaluation of the performances of only the first 233 

trials of the sessions measures long term memory performance and during critical sessions, e.g. the second session 234 

of a new goal location (GL) to measure long-term memory after one session learning, this first trial was used as a 235 

probe trial where the food reward was not present for the initial 60 s to control for olfactory cues. In contrast to 236 

the first-trial evaluation for long-term memory, looking at the performance over all trials gives a measure of the 237 

overall working memory and navigational performance within the environment.  238 

Animals went through two phases of training: Build-Up and Updates. In the Build-Up the animals should create a 239 

cognitive map of the maze environment; in contrast, during Updates, stable performance is achieved and they 240 

should be simply updating the cognitive map. These two phases also differed in the frequency of GL switches: 241 

during Build-Up, the GL remained stable for five and more sessions, while during Updates a change occurred every 242 

three sessions (see also below). Different Update types were performed: including barriers in the environment 243 

(Bar), changing the goal location (Loc) and doing both (L+B, Fig. 1D).  244 

Five cohorts (coh 1-5) of four animals each were trained in the maze (Fig. 1E). Coh 1 was a pilot cohort to establish 245 

maze size, food deprivation and other parameters and is not included in the data. Group 1 (coh 2-3) was trained 246 

three times a week while Group 2 (coh 4+5) were trained two times a week. The GL was switched during the Build-247 

Up every 5-7 sessions (GL1: 7 sessions, GL2: 5/6 sessions, GL3-5: 5/7 sessions) to test when rapid updating could 248 

occur. Faster switches were initially avoided, to help shape the animal’s behaviour. In the first trial of the day 249 

animals would not find food at the last presented location for both the first session of a new GL as well as probe 250 

trial days (e.g. always the second session of a new GL); thus, these sessions were interleaved with normal training 251 

sessions with food present in the first trial at the last known location to avoid the animals learning the rule that 252 

food is initially not provided. 253 

After 12 weeks of Build-Up, all groups were tested in the Updates, where a change (given by the different Update 254 

types) was introduced every three sessions. The sequence of the different Update types (Loc, Bar, L+B) was 255 

counterbalanced across repetition and cohorts. Further, the GLs were also counterbalanced across animals within 256 

a cohort as well as across cohorts. To ensure that the identity of individual GLs did not account for learning effects 257 

over time, the sequence was reversed between cohorts, e.g. GL1 of the first animal in coh 2 would be GL5 of the 258 

first animal in coh 3. 259 
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Overall performance for each group across time can be seen in Fig. 1E. Different learning effects were found as 260 

highlighted in individual paths (Fig. 1F and G, videos 2-9): on the first trial of the first training day of the Build-Up, 261 

the animals show random movement through the maze and just by chance find the GL (Fig. 1F, video 2, 4). On the 262 

next day at the first trial some but not all animals already show more goal directed behaviour (Fig. 1F, video 3, 5). 263 

In contrast, during the Updates on the first trial of a new GL the animals still show random exploration since the 264 

goal location is unknown but are then more likely to show memory effects and goal-oriented behaviour in earlier 265 

trials of session 1 (Fig. 1G video 6, 8); And in the succeeding session of the Updates most animals showed more 266 

goal-oriented navigation to the reward location already on the first trial (Fig. 1G, video 7, 9). 267 

  268 
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Fig. 1 The Hex Maze: A. Shows the maze with intra- and 269 
extra maze cues (left) and the maze from the view of 270 
the mouse (right, see also video 1) B. The main 271 
performance metric is the log normalized path 272 
(pathnorm) with the length of the paths taken by the 273 
animal divided by the shortest possible path to the goal 274 
location (GL, indicated by the X). Thus for all subsequent 275 
figures the number in brackets of the log is the relative 276 
length of the path taken by the animal with 2 indicating 277 
that the path was twice as long as the shortest possible 278 
path. C. During training, animals started each trial from 279 
a different location and had to navigate to a fixed GL. A 280 
first trial measures long-term memory performance and 281 
was utilized as a probe trial on critical sessions (no food 282 
present). Performance on all trials of the session 283 
measure general working memory/ navigational 284 
performance in the known environment D. After the 285 
animals had acquired the general maze knowledge 286 
during the Build-Up, Updates were performed with 287 
inclusion of new barriers (Bar), new goal locations (Loc), 288 
or the inclusion of both (L+B). E. Shows the general 289 
training schedule for all animals during the whole 290 
experiment. Animals were trained to one GL in a given 291 
session. For Group 1 the GL was kept constant for seven 292 
sessions of the first GL (GL1), then five or six sessions for 293 
GL2, and five or seven sessions each for GL3-5. 294 
Additionally, three of the initial five locations were 295 
repeated with each three sessions. For Group 2 the GL 296 
was kept constant for seven sessions of the first GL 297 
(GL1), then five sessions for GL2-3, and seven sessions 298 
each for GL4. Finally, for all cohorts, each Update 299 
contained three sessions. The sequence of the Update 300 
types was counterbalanced across animals (session 1 of 301 
each update indicated with an arrow). Each Update type 302 
was repeated 2-3 times. Throughout all phases the first 303 
trial of the second session and during Build-Up first trial 304 
of the fourth, fifth, or sixth session were utilized as 305 
probe trials. Group 1 was trained three days a week 306 
(3dw), Group 2 two days a week (2dw). Example paths 307 
of the Build-Up and Updates are shown in F. and G. 308 
respectively (videos 2-9). S1 stands for session 1, S2 for 309 
session 2, T1 for trial 1, Up for updates. Data in 310 

extended data Figure 1-1.  311 

 312 

  313 



 

10 
 

Building and updating the map 314 

To formally investigate the effects seen in the individual paths, we analysed group level performance in more 315 

detail. Group 1 (total n=8) were trained Monday/Wednesday/Friday (example study schedule Fig. 2A) and during 316 

the Build-Up showed a significant improvement in navigation to the GL (all-trials, which includes the first trial) 317 

across sessions as well as across GLs (GL1-5, Session F4,28=6.2 p=0.001, GL F4,28=3.3 p=0.026, interaction F16,112=1.4 318 

p=0.15). For both session and GL, the linear contrast was significant (Session p=0.027, GL p=0.043. Fig. 2B). In the 319 

Updates, the animals overall performed better than in the Build-Up (F1,7=8.2 p=0.024), and continued to show a 320 

significant improvement of performance over the three sessions (Session F2,14=12.9 p=0.001, linear contrast 321 

p=0.005). Additionally, there was an effect of Update type (Bar, Loc, L+B) as well as a type X session interaction: in 322 

contrast to the Update types with location changes, animals already performed well in session 1 of the barrier 323 

updates (type F2,14=3.5 p=0.058 with linear contrast across Bar, Loc, L+B p=0.027, interaction F4,28=2.6 p=0.059, 324 

orthogonal comparison Session 1 Bar vs Loc/L+B p=0.01). During the first trial of each session, the animal had to 325 

rely on long-term memory (2 d to 3 d between sessions) to navigate to the current GL. To minimize olfactory cues 326 

(e.g. chocolate smell and markings) the maze was cleaned with alcohol between animals, further on critical 327 

sessions (e.g. second session after a change to test for one session learning) no food was present in the maze for 328 

60 seconds during the first trial. These probe trials were performed in session 2 and 4/5 or 6 during the Build-Up 329 

and session 2 during the Updates (Fig. 2A). Across sessions, long-term memory improved independent of the GL 330 

during the Build-Up (Fig. 2C, Session F4,28=4.0 p=0.01 linear contrast p=0.056, GL F4,28=0.4 p=0.77, interaction 331 

F16,112=1.1 p=0.34). In the Updates, long-term memory increased across sessions as well as differed between 332 

Update types (Session F2,14=3.7 p=0.053 with linear contrast p=0.009, type F2,14=3.7 p=0.052 with linear contrast 333 

across Bar, Loc, L+B p=0.028, interaction F4,28=0.58 p=0.68). Similar to the all-trials performance, in barrier Updates 334 

performance was better than in the other two types of Updates where the GL changed. 335 
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  336 

Fig. 2 HexMaze Performance Group 1 3 days per week training: A. Shows schedule examples for the Build-up and Updates. 337 
Orange boxes indicate days with probe trials (no food for 60s of the first trial). B. Performance across all trials (including first 338 
trial) measures general working memory/navigational performance within the environment. During Build-Up there was a 339 
significant effect across session and across the five goal location (GL) switches. In contrast, during Updates, only if a location 340 
switch was involved in the update (Loc/L+B), performance was worse during the first session of the change and an 341 
improvement across sessions is visible. C. Performance on the first trial of each session measures the ability to remember the 342 
GL from 2 to 3 d ago. During the Build-Up long-term memory improved across sessions. During the Updates there was an 343 
improvement across sessions as well as a difference between types with larger changes in the environment (linear from Bar to 344 
both L+B) leading to worse performance. This is especially noticeable in session 1 for Loc and L+B switches where the goal is 345 
initially unknown, whereas for a Bar update only an adaption of the route is involved.  Single asterisks indicate p<0.05 and 346 
double asterisk stand for p<0.01. Error bars are SEM. The number in brackets of the log is the relative length of the path taken 347 
by the animal (taken path T/ shortest path S) with 2 indicating that the path was twice as long as the shortest possible path. 348 

 349 

 350 
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Time versus training 351 

In contrast to group 1, group 2 (n=8) were trained only two days a week, which resulted in a shift between the 352 

training day and time alignment between both groups (Fig. 3A). As with three days per week training, two days per 353 

week training lead to an improvement in all-trials measurement across sessions as well as across GLs (GL1-4, 354 

Session F4,28=18.3 p<0.001 linear contrast p<0.001, GL F3,21=4.7  p=0.011 linear contrast p=0.044); further, in 355 

contrast to the three days per week training there was a session X GL interaction (F12,84=2.7 p=0.004) with a faster 356 

improvement across sessions in later GLs (Fig. 3B). Long-term memory (first trial performance) improved across 357 

sessions (Session F4,28=12.5 p<0.001 linear contrast p=0.001) but there was no change from one GL to the next 358 

(p=0.49) as also seen with group 1. Including both group 2 and group 1 in one ANOVA revealed a GL X session X 359 

training type interaction for all trials (F12,168=1.9 p=0.039) and for first trials a training type main effect (F1,13=6.7 360 

p=0.023) as well as a marginal session X training type interaction (F4,52=2.4 p=0.066). 361 

As one of the goals was to evaluate if general performance was determined by the amount of time that had passed 362 

in contrast to how much training the animals had received, we included the same training day of group 1 and 363 

group 2 as well as the session of group 1 that corresponded to the same week of training as group 2 in a univariate 364 

analysis (F2,21=5.253 p=0.014, group 1: training day 11, Session 4 of GL2, during week 4 and training day 17, Session 365 

4 of GL3, during week 6, group 2: training day 11, Session 4 of GL2, during week 6). These specific sessions were 366 

chosen, since only then did the same session number (here 4) occur at the same time in weeks as well as the day 367 

within the week across groups, thus it was the only training day that could compare time vs training overall but still 368 

control for amount of training to the current goal location as well as how long ago the last training session was 369 

performed. Group 2 performed in a similar manner to group 1 when compared with how much time had elapsed, 370 

but were significantly better than group 1 with the same amount of training (Fig. 3C). Thus, performance in the 371 

HexMaze was more dependent on the time period the animals had been exposed to the maze and not how much 372 

training or exposure itself was involved.  373 

To further validate if this also applies to the previous knowledge effects, we focussed as a next step on the 374 

Updates (Fig. 3D). Both the all-trial as well as first-trial measure showed an improvement across sessions (F2,28=9.5 375 

p=0.001 with linear contrast p=0.005) as well as a marginal session X training interaction (F2,28=3.1 p=0.06) but did 376 

not expose an effect of training amount (p=0.87, Fig. 3E). Only during the first session did group 2 perform worse 377 

than group 1 (p=0.01). Thus, despite the decreased amount of training, rapid updating was still possible, indicating 378 

that the creation of a cognitive map is dependent on time not training. 379 

The two days per week training schedule also allowed us to investigate how many sessions are necessary for 380 

memory persistence as the training schedule naturally alternated with two- and five-day gaps between sessions 381 

(Fig. 3D). While one session was sufficient for the animals to remember in the first trial two days later where the 382 

food was located, this memory did not last five days (Fig. 3F). However, after two sessions of training (2d condition 383 

in Fig. 3F) the animals did remember the GL in the third session (five days after the second session, Session 384 

F2,14=8.1 p=0.005 with linear contrast p=0.016, interaction session X delay F2,14=3.6 p=0.054, delay overall p=0.34). 385 

In contrast, general navigational performance (all-trial measure) did not show a difference between the two delays 386 

(interaction p=0.24, delay p=0.9, Session F2,14=34.7 p<0.001 with linear contrast p<0.001). 387 
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  388 

Fig. 3 HexMaze group 2 performance 2 days a week training: A. Shows schedule examples for the Build-up. The schedule for 389 
group 2 is shown in purple and for group 1 in light green, illustrating the resulting shift in alignment of training days and time. 390 
Orange boxes indicate days with probe trials (food not present for 60s of the first trial).  B. Performance across both all-trials 391 
measurement (general working memory/navigational performance within the environment) and first-trial measurement (long-392 
term memory). We found a significant improvement in performance across sessions for both measures and additionally across 393 
GL and GL X session interaction for all trials. C. To compare two days per week with three days per week training, we included 394 
the corresponding training day as well as session according to time of group 1 and compared these with the performance of 395 
group 2. It is important to note, that the performance depended on how much time had elapsed since first exposure to the 396 
maze (weeks), not how much training the animals had received (TD is training day). D. Show examples from the study schedule 397 
of the Updates. With two days per week a natural alternation of two- and five-day gaps ensued during the Updates. E. 398 
Comparing only the 2d Updates of group 2 with the Updates of group 1 (also 2d gaps) showed only an Update difference during 399 
the first session. F. Plotted is the performance during Updates for group 2 for both the two- and five-day delays. One session of 400 
training only led to significant long-term memory that lasted two not five days whereas two training sessions did indeed lead to 401 
a five-day memory persistence visible in the third session (2d condition for session 2). The single asterisk stands for p<0.05, the 402 
double asterisk for p<0.01 and the triple asterisk for p<0.001. Error bars are SEM. The number in brackets of the log is the 403 
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relative length of the path taken (taken path T/shortest path S) by the animal with 2 indicating that the path was twice as long 404 
as the shortest possible path. 405 

 406 

Three Phases of Map learning 407 

Combining the data from group 1 and 2, let us delve further into different phases of map learning. The main 408 

difference between the learning phases is how quickly the animals can adapt their performance to new 409 

information – e.g. a new goal location. First, all trial performance was evaluated and separated for the four goal 410 

locations during Build-Up and the different Update types and each for session 1, 2 and 3+ (sessions 3-5/7 for Build-411 

Up, only session 3 for Updates since no other sessions were run). This analysis highlights three phases of learning 412 

(Fig. 4A GL/UP F6,90=4.7; p<0.001, session F2,30=40.1; p<0.001, GL/UP X session interaction F5.4,81.6=2.8; p=0.018). 413 

When learning the first goal location, the animals need three and more sessions to reach good performance (Phase 414 

1). In contrast, when learning the second goal location, the animals already perform better at the second session 415 

(Phase 2). Finally during GL4 and the Updates the animals already perform better in the first session but also have 416 

additional gains to the second session (Phase 3). Importantly, already in the first few goal locations during Build-up 417 

the animals reach their best possible performance in the later sessions. The difference to the Update phase is that 418 

during Build-up it takes more sessions to reach that optimal performance level. Once the animals reach the Update 419 

phase, performance is stable. Therefore, the different phases in map learning are expressed in how quickly they 420 

can adapt to new goal locations and are not confounded by a general, continuous increase in performance. 421 

To further focus on changes in the first two sessions across the different learning phases, the first and last trial of 422 

sessions 1 of a change and the first trial of sessions 2 is plotted for the different goal locations in the Build-Up and 423 

Updates (Fig. 4 B-E). The first trial of session 1 was consistently high across all phases with the exception of the 424 

barrier updates reflecting the fact that only in that Update type the current goal location was known and the first 425 

trial did not represent a search for the new goal location (F1,112=6.5; p<0.001, orthogonal comparison barrier vs 426 

other p=0.0018). The final trial of session 1 was also quite consistently stable across all phases, emphasizing that 427 

gains due to within session learning also remained similar across phases (F1,112=0.1; p=0.96). The main difference 428 

between the three learning phases can be seen in the first trial of the second session, reflecting long-term memory 429 

after one-session learning (F1,112=3.6; p=0.017, orthogonal comparison build-up vs updates p=0.0037). There were 430 

gains from the very first goal location to subsequent goal locations during Build-Up but even more gains during the 431 

Updates, highlighting the step-wise increase in long-term memory performance over the different learning phases. 432 

These gains are also reflected, when comparing performance on the last trial of session 1 to the first trial of session 433 

2 (Fig. 4 E). In the first goal location of Build-Up this metric is positive, reflecting worse performance after the 24h 434 

break, while during the other goal locations of Build-Up it is around zero showing that they sustain their final 435 

performance level across the offline period. In the Updates negative values are seen (one-sample t-test to 0 t71=4.2 436 

p<0.001), which shows that they perform even better at the first trial of the second session in comparison to the 437 

final trial of the first session thus show an offline gain in performance. 438 

In sum, there seem to be three phases in map learning: 1) learning the new goal location, 2) learning the second 439 

goal location two weeks later, when performance gains close to optimal performance are already seen in the 440 

second session but are not yet expressed in long-term memory (first trial of the second session). Finally, 3) after 12 441 

weeks, when performance gains are already expressed in the first session to a new goal location and also translate 442 

to long-term memory effects with good performance at the first trial of the second session. This analysis also helps 443 

to distinguish between task-rule learning (I need to run to a goal location), maze learning (maze layout and 444 

surrounding cues) and goal learning (where in the maze is the food). In Fig. 4 E, the amount of training to one goal 445 

is controlled for thus excluding the general effect of goal learning (for each data point the amount of exposure to 446 
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the current goal is the same = 1 session). The general task should be learned by the animal by GL2 or latest by GL3 447 

(by then the animal learned that goal locations can change). Thus, only maze-layout learning can explain the 448 

additional benefit seen in the Updates. 449 

Fig. 4 Three Phases of Map learning: A. Plotted 450 
are all trials separated for the four goal 451 
locations (GL) during Build-up as well as the 452 
different Update types with separate lines for 453 
first session, second session and third session 454 
onwards (for Build-up its session 3-5/7, for 455 
Updates just S3 since no further sessions were 456 
run). Three learning phases are noticeable: 457 
learning the first goal location, learning the 458 
second goal location with better session 2 459 
performance and in the Updates with already 460 
good session 1 performance. Next the first trial 461 
of sessions 1 (B.), the last trials of sessions 1 462 
(C.), the first trials of sessions 2 (D.) and the 463 
change from the last trial of sessions 1 to the 464 
first trials of sessions 2 (E) are shown for the 465 
different goal locations during Build-up (GL1-4 466 
as well as the different update types. The first 467 
trial performance during session 1, when the 468 
goal is unknown, first became worse in GL 2-4 469 
in comparison to GL1 most likely due to 470 
animals first navigating to the old goal location. 471 
Only in the Barrier updates (light blue) was 472 
performance better than in all other GL and 473 
updates, since the location did not change. At 474 
the end of session 1 (last trial) there is no 475 
difference between the different GL and 476 
updates. The three phases of learning are again 477 
noticeable in the first trial of session 2, 478 
reflecting long-term memory after one session 479 
training. This  showed a step-wise function, 480 
improving in GL2-4 in contrast to GL1 and 481 
improving even more during the updates. The 482 
same is reflected in the difference values 483 
presented in E (updates one-sample t-test to 0 484 
t71=4.2 p<0.001). 485 

 486 

 487 

  488 
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Previous Knowledge Effects 489 

Different effects of previous knowledge could be observed in the resulting data, next we will focus on specific 490 

sessions and trials to highlight some of these effects. The simplest effect is already seen in the first GL during the 491 

Build-Up where a significant session effect indicates that each session benefits from the experience of the previous 492 

session (groups 1 and 2 n=16, F6,90=5.6 p<0.001, Fig. 5A). This simple learning effect, while often not considered as 493 

previous knowledge effect, does affect session performance and thus, must be considered even in experiments 494 

which just focus on each session individually, as seen in most electrophysiological experiments (Lopes-Dos-Santos 495 

et al., 2018; Michon et al., 2019; Roux et al., 2017).  496 

The second previous knowledge effect can be evaluated by how well an animal can navigate within an 497 

environment and how fast this navigational capability can be adapted to a new goal as soon as it has learned a 498 

specific task. Here, this was tested at every GL switch from the beginning of the Build-Up to the end of the Updates 499 

(groups 1 and 2, n=16). Including the first two sessions of the first two GLs during the Build-Up as well as during the 500 

Updates (averaged across all types) revealed three distinct steps (Fig. 5B, session F1,15=12.6 p=0.003, GL F2,30=8.3 501 

p=0.001, interaction F2,30=3.9; p=0.031). For the first GL, performance does not increase from the first session to 502 

the next, but as seen in Fig. 5A a performance improvement develops over seven sessions. After the first GL switch 503 

(GL1 to GL2), performance decreases to the level of performance during the first session of GL1. However, a 504 

significant improvement is exposed already for the second session of GL2 (three weeks after training start). Finally, 505 

as a third step, we find these improvements to occur in any first Update session, including additional gains in the 506 

second Update sessions (12 weeks after training start). These effects are visible across all-trial performance 507 

measurements and are likely a result of a mix of learning set effects (Harlow, 1949) as well as of an effect of 508 

increased knowledge of the maze layout. When averaging the performance across all sessions (Fig. 5C, groups 1 509 

and 2, n=16), animals overall reached plateau performance already at the second GL switch during the Build-Up.  510 

By focussing in more detail on the first and second sessions during the Updates alone, we can consider the amount 511 

of information animals need to incorporate during the Updates (groups 1 and 2, n=16). We found a significant 512 

main effect of session and an interaction between session and Update types (session F1,15=26.1 p<0.001, type 513 

F2,30=2.9 p=0.072, interaction F2,30=6.3 p=0.005). Follow up test revealed that within session one, the amount of 514 

novel information that needs to be integrated into the existing map affects the within session online performance 515 

(just barrier, just new location or both, linear contrast p=0.003 in S1 Fig. 5D). However, this difference is eliminated 516 

by the second session, indicating that the information had been completely incorporated during the offline period. 517 

As a final step, we tested for the enhancement of long-term memories by comparing the same two sessions but 518 

only including the first trial. Similar to the all-trial performance measurement, the first session performance was 519 

worse for conditions including a GL switch (Loc and L+B) as compared to just a barrier switch, but this difference 520 

disappeared by the second session (Fig. 5E, groups 1 and 2, n=16, session F1,15=14.4 p=0.002, type F2,30=7.2 521 

p=0.003, interaction F2,30=1.2 p=0.3). Finally, to investigate whether this  enhancement of long-term memory after 522 

one session learning was missing initially during Build-Up, the first trial performance during the second session of 523 

the Build-Up was compared to the first trial during the second session of the Updates (only Loc and Loc+Bar). This 524 

revealed a significant better long-term memory in the second session in the Updates in comparison to the Build-Up 525 

(Fig. 5F, groups 1 and 2 n=16, t15=2.1 p=0.049). To confirm this effect with a different performance parameter, we 526 

counted the number of crossings for the new goal location, the previous goal location and two control nodes (one 527 

in the inner ring of the maze, one in the outer ring) during this trial, since as a probe trial no food was present 528 

during the first trial of each second session. As can be seen in Fig. 6 animals crossed both the current and last goal 529 

location significantly more often than the control nodes starting the second goal location and additional increased 530 

number of crossings were seen during the Update phase (groups 1 and 2 GL2-4 and Loc Update for full model, 531 

n=16, node F3,45=22.3 p<0.001, GL2-4/Loc F3,45=10.7 p<0.001, interaction F9,135=2.0 p=0.044). Interestingly, this 532 
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analysis also highlighted that animals did retain the memory of the old goal location after a goal location switch, 533 

since they tended to go more often to both the current, new goal location as well as the last goal location in 534 

comparison to control nodes. 535 

 536 

Fig. 5 Previous Knowledge effects: In these panels we highlight some previous knowledge effects A. Plotted is the whole 537 
session performance for the first GL during the Build-up. The significant session effect reveals a performance increase 538 
dependent on experience indicating a more efficient working memory/navigational performance. B. Plots the performance for 539 
the first two sessions of the first two GLs during the Build-Up, as well as Updates (averaged for all types). Already for the second 540 
GL (three weeks since training start) a significant increase in performance (decrease of path length) is seen in the second 541 
session in comparison to the first session. This overnight (offline) performance increase is comparable to the increase found 542 
after seven sessions for the first GL. This may represent a more efficient consolidation and updating effect but is only expressed 543 
in the whole session average (not long-term memory present in the first trial, see Fig. 2 and 3). During the Updates, this 544 
performance increase is already visible in the first session with additional offline gains found in the second session. This three-545 
step performance gain is reminiscent of a learning-set effect (Harlow, 1949).  C. Considering all sessions, we find that animals 546 
already reach overall plateau performance by the second GL. D. Zooming in on the performance during the first and second 547 
session during the Updates, another previous knowledge effect is revealed across the different Update types. The barrier (Bar), 548 
goal location (Loc) and combined updates (L+B) differed in their overlap of previous knowledge (or need for updating that 549 
knowledge) which influenced how well they performed (all-trial) in the first session. E. Shows the same effect but now for only 550 
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the first trials. Only in the presence of a goal switch did performance in the first session decrease. However, by the second 551 
session this performance difference was gone, revealing that one session is sufficient for the memory update. Finally, F. depicts 552 
the performance of only the first trial of the second session during the Build-up and Updates (only Loc and L+B) where long-553 
term memory (2-3 d) after one session learning to a new GL improves from Build-up to Updates. Thus, it seems once a cognitive 554 
mapis established, only one session training leads to better long-term memory performance. Orange boxes indicate that the 555 
trial was utilized as a probe trial meaning food was not present for the initial 60 s. The single asterisk stands for p<0.05, the 556 
double asterisk for p<0.01 and the triple asterisk for p<0.001. Error bars are SEM. Data taken from both group 1 and 2. The 557 
number in brackets of the log is the relative length of the path taken by the animal (taken path T/shortest path S) with 2 558 
indicating that the path was twice as long as the shortest possible path. 559 

 560 

 561 

Fig. 6 Probe trial analysis (each session 2 trial 1): Across the goal location switches during Build-Up and the during the Updates 562 
an increase in the number of crossings could be seen for both the current and previous goal location in comparison to the two 563 
control nodes (groups 1 and 2 GL2-4 and Loc for full model, n=16, node F3,45=22.3 p<0.001, GL2-4/Loc F3,45=10.7 p<0.001, 564 
interaction F9,135=2.0 p=0.044) 565 

 566 

How Updates affect Path Length 567 

To characterize how the Updates themselves affect path length the path length (in number of nodes) for the 568 

shortest and taken path is shown in Fig. 7 as well as the normalized path length (log of taken/shortest) as used in 569 

the other figures for both the final trial before an update (usually a session 3) and the first trial of the Update. If a 570 

barrier was included (Bar and L+B Update) there was a significant change in the shortest possible path (Bar 571 

t15=4.39 p=0.001, L+B t15=3.69 p=0.002), indicating that inclusion of barriers does change the overall map-572 

geometry in the maze. However, the taken path only showed a significant change if the goal location was changed 573 

(taken path: Loc t15=3.29 p=0.005, L+B t15=3.77 p=0.002, normalize path: Loc t15=3.20 p=0.006, L+B t15=1.83 574 

p=0.087). This emphasizes again that only the inclusion of barriers did not affect the performance of the mice and 575 

the animals could rapidly adapt to this change as was also seen in Fig. 5. 576 

 577 

Within Session Learning 578 
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To measure within-session learning, trials were binned into trial blocks with trial 1, trials 2-10, trials 11-20 and 579 

trials 21-30 and to enable comparison across different phases of learning. This was done for sessions 1-3 (S1-3) of 580 

the first goal location and goal locations 2-5 in the Build-Up as well as each Update type (Fig. 8). Since for the first 581 

goal location very few animals managed more than 20 trials in each session, for the overall analysis we only 582 

included trials until 20. There was a significant effect of training phase, session, trial block as well as interactions 583 

between training phase and session, training phase and trial block as well as session and trial block (phase 584 

F4,60=12.6 p<0.001, session F2,30=21.2 p<0.001, trial block F1.3,18.8=8.9 p=0.001, phaseXsession F8,120=3.7 p=0.001, 585 

phaseXtrial block F4.2,63.1=2.6 p=0.041, sessionXtrial block F2.5,37.5=5.0 p=0.008). For the first goal location neither 586 

session nor trial block showed a significant effect (p>0.39, Fig. 8A) in contrast to the subsequent goal locations of 587 

the Build-Up during which each factor showed a significant effect as well as the interaction (session F2,30=30.8 588 

p<0.001, trial block F1.6,23.4=13.2 p<0.001, sessionXtrial block F3.4,50.5=7.8 p<0.001, Fig. 8B). This emphasizes that 589 

while the first goal location did not show strong within session learning during these first three sessions, for the 590 

subsequent goal locations during Build-Up the main learning occurred between trial 1 and the next trial block 591 

during session 1 and trial 1 of sessions 2 and 3 started lower but additional within session improvement could be 592 

observed in the next block. During the Updates of Loc and L+B a linear improvement during session 1 was seen 593 

across trials and now performance was sustained to session 2 and 3 with no strong additional gains from the first 594 

trial to subsequent trials. Thus, Loc showed significant effects of session and trial block but no interaction (session 595 

F2,30=15.3 p<0.001, trial block F1.9,29.3=6.5 p=0.004, sessionXtrial block p>0.79, Fig. 8D) and for location and barrier 596 

Updates the interaction became significant as well (session F2,30=6.4 p=0.005, trial block F3,454=4.0 p=0.013, 597 

sessionXtrial block F6,90=3.6 p=0.003, Fig. 8E). In contrast the barrier Updates performance was starting trial 1 of 598 

first session good and remained stable, resulting in no significant effect of any factor or interaction (session p=0.07 599 

other p>0.2, Fig. 8C).  600 

 601 

Other Performance parameters 602 

In the present analysis we focussed on using the normalized path length (taken path in number of nodes divided by 603 

the shortest path), and since these values showed a strong skew we used the log thereof to enable using GLM. 604 

However, other parameters could also be extracted from our data-set such as the normalized path length without 605 

the log transformation, percentage of trials that were a direct run, percentage of trials that were a direct run after 606 

the second node (since mice often would initially run in heading direction and then stop to consider where to go) 607 

and percent of correct choices (Fig. 9). For percent of correct choices, we analyzed for each node if the choice 608 

would bring the mouse closer to the food (correct) or not (incorrect) and created an average per trials across all 609 

traversed nodes. As can be seen in Figure 9 the same effects seen in the log of the normalized path length can also 610 

be seen in the other parameters. And while only ~30% of the trials showed a direct run from the starting location, 611 

~60% of the trials showed a direct run two nodes after the starting location. In the accompanied data table we 612 

share the raw data of all trials with all these different variables that can be used by others for further, more 613 

detailed investigations into spatial learning in mice. 614 

 615 

  616 
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 617 

Fig. 7 Changes due to Updates: Shown in A. always the last trial before an update (S3 of previous condition) and the first trial of 618 
the update and in B. the difference values (subtraction) for these. From left to right the shortest possible path, the taken path 619 
and the relative path is presented. If barriers were included (Bar and L+B) the shortest possible path would increase from the 620 
previous trial. But only if location was changed (Loc and L+B) did the taken path increase, for the Bar update the taken path 621 
only increased by the same amount of the shortest path (2 nodes). Interestingly, due to the change in shortest path the relative 622 
change (taken/shortest) actually decreased in the Bar update. The # stands for p=0.087, the double asterisk for p<0.01 and the 623 
triple asterisk for p<0.001 for A paired t-tests and B one-sample t-test to 0. Data taken from both group 1 and 2. Error bars are 624 
SEM. The number in brackets of the log is the relative length of the path taken by the animal (taken path T/shortest path S) 625 
with 2 indicating that the path was twice as long as the shortest possible path. 626 

 627 
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 628 

Fig. 8 Within session learning: Shown is the change in performance within session (trial 1 and then blocks of 10 trials) across 629 
always the first three sessions (S1-3) for A. the very first goal location, B. averaged across the subsequent goal locations of the 630 
build-up, C. for barrier updates, D. for location updates and E. for location and barrier (Loc+Bar) updates. The first goal location 631 
did not show strong within session learning during these first sessions, in contrast later on (B) the main learning occurred 632 
between trial 1 and the next trial block during session 1 and trial 1 of sessions 2 and 3 started lower but additional within 633 
session improvement could be seen in the next block. In the barrier updates performance was starting trial 1 of first session 634 
good and remained stable. For the other updates a linear improvement during session 1 was seen across trials and now 635 
performance was sustained to session 2 and 3 with no strong additional gains from the first trial to subsequent trials. For 636 
statistics see main text. Data taken from both group 1 and 2. Error bars are SEM. The number in brackets of the log is the 637 
relative length of the path taken by the animal (taken path T/ shortest path S) with 2 indicating that the path was twice as long 638 
as the shortest possible path. 639 
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 640 

Fig 9 Different performance parameter Build-Up and Updates 641 
Shown are the log of normalized path length (top row, as used throughout manuscript), normalized path length, percentage of 642 
trials that were a direct run (second from top), percentage of trials that were a direct run after the second node since mice 643 
often would initially run in heading direction and then stop to consider where to go (third from top). As final parameter, we 644 
took for each node if the choice would bring the mouse closer to the food (correct) or not (incorrect) and created an average 645 
per trials across all traversed nodes. Each left all trials, right first trials for Build-Up (Group2) and Updates (all). Error bars are 646 
SEM. Lines are polynomial fits. The same effects seen in the log of the normalized path length can also be seen in the other 647 
parameters. 648 
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Discussion 649 

In the present study we aimed at developing a new rodent task that enables the investigation of map learning on 650 

memory encoding and consolidation. More specifically, we tested how mice build-up and update knowledge of a 651 

large spatial map and how their navigation abilities change over time. We could show that mice learn this complex 652 

spatial map in three main phases: 1) Learning the initial goal location, 2) faster learning after two weeks when 653 

learning a new goal location and then 3) finally a third phase after 12 weeks during which they express one-session 654 

learning leading to long-term memory. The data from the HexMaze allows the investigation of many different 655 

aspects of spatial navigation and memory. Here, we focussed on previous knowledge effects on performance and 656 

learning. These effects ranged from simple day-to-day performance increases, to effects reflected by offline 657 

consolidation and online learning. Initial application reveals that this task can be used to test different aspects of 658 

memory while simultaneously controlling for difficulty of learning across each phase in training: from build-up of 659 

knowledge to updates testing both across as well as between session performance development. The data from 660 

the more than 30 000 trials is supplied with this article and can be used for many more investigations and analysis 661 

of spatial navigation in mice. In the accompanied paper (Vallianatou et al., 2020) the data was used to model the 662 

strategies used by mice in the task. 663 

How do we build-up and use knowledge of a large spatial environment or map? And how will experience in a maze 664 

shape new learning? Previous knowledge will affect behaviour and learning (Bartlett, 1932; Harlow, 1949; Tse et 665 

al., 2007), and thus, needs to be considered when applying any particular training paradigm. To test how mice 666 

learn a map, we utilized a large spatial environment, more naturalistic in its complexity. Mice were trained to find 667 

a food location from different starting points in a maze, thereby enforcing allocentric learning to one fixed goal 668 

location per session over two training phases: Build-Up (twelve weeks) and Updates (nine weeks). During the 669 

Build-Up, the goal location was kept constant for five to seven sessions before switching to a new one, while 670 

during the Updates switches occurred every three sessions. The difference between the Build-Up and Update 671 

phases is characterized by how quickly new information could be incorporated into the spatial map and thus 672 

influence the mice navigational behaviour. Three different types of updates were introduced during this final 673 

phase: including barriers blocking certain paths, changing the goal location, and the inclusion of both new barrier 674 

locations and new goal locations. Across all phases, memory effects were revealed, reflected by performance 675 

increases from one session to the next (measured in the normalized path lengths). Further, four previous 676 

knowledge effects modulating performance and learning of the spatial map are highlighted. Thus we could show 677 

how different spatial map knowledge properties are developed step-wise over learning and could identify three 678 

main phases of learning. 679 

 680 

Highlighting some previous knowledge effects 681 

The simplest and most obvious previous knowledge (or memory) effect of the spatial map is already visible in the 682 

first few sessions of the Build-Up where navigation to the invariable goal location becomes more efficient from one 683 

day to the next. This simple memory effect is what most rodent memory tasks would capture, e.g. using a radial-684 

arm maze (Jarrard, 1995) or a watermaze, testing reference memory (Morris et al., 1982). While one could argue if 685 

this simple spatial memory effect is a ‘previous knowledge’ effect, it is important to consider it as its simplest form: 686 

knowledge gained in previous training days affects performance the succeeding day.  687 

The second previous knowledge effect of learning a spatial map is found when comparing the performance for the 688 

very first goal location with the performance after the first and other goal location switches. Already the second 689 

goal location exposed a significant improvement in overall navigational performance to the goal location within 690 
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the known map during the second session in comparison to the first, thus resulting in a different learning curve 691 

across sessions when comparing with the performance for the very first goal location. This change characterizes 692 

the second phase of general map learning. This effect is then enhanced once again during the Updates as 693 

performance improvement is already present in the first session and maintained from the first to second session as 694 

well. However, this initial effect during the second goal location did not yet translate to good performance on the 695 

first trial of the second session, thus no one-session updating leading to long-term memory was seen this early in 696 

learning. This is reminiscent of the learning set effect (Harlow, 1949). The results obtained in the HexMaze indicate 697 

that this learning-set effect can be expressed in three phases: (1) naïve, (2) gains after offline consolidation and (3) 698 

online as well as offline gains in the final stage. However, it remains unclear if this is the result of the animals 699 

learning the rule (there is one constant food location) or the general spatial map, but most likely it is a mixture of 700 

both. 701 

The third previous knowledge effect on spatial map updating is tied to the third phase of the learning set effect 702 

(corresponding to online gains) and is present across the different Update types: the amount of new information 703 

incorporated into the map affected how rapid online learning could occur during the first session of each update. 704 

When only the general maze structure was changed (inclusion of barriers) the animals were able to rapidly adapt 705 

their routes to the goal and additional sessions were not needed to reach optimal performance. In contrast, when 706 

the goal location or both goal location and the maze structure (L+B) were manipulated, online learning was slower, 707 

resulting in a performance decrease during the first session (linear relationship with the amount of elements 708 

changed). However, offline consolidation eliminated this effect and by the second session animals performed 709 

similarly for all Update types. This effect could potentially be linked to a schema or schema-like effect of the 710 

knowledge of the cognitive map. Considering the degree of change in comparison to the previous learned 711 

information, could explain some differences in schema effects in previous rodent and human studies. In the 712 

original paired-associate task (Tse et al., 2007), the hippocampus was necessary during update encoding and this 713 

hippocampal involvement was also observed in a similar human schema task testing for a recently acquired, simple 714 

schema (card-location associations) (van Buuren et al., 2014). In contrast, during human schema tasks that involve 715 

long-established, real-world schemas, the hippocampus tends not to be active, and instead the prefrontal cortex 716 

directly communicates with the other cortical regions (van Kesteren, Fernandez, et al., 2010b; van Kesteren, 717 

Rijpkema, Ruiter, & Fern ndez, 2010; van Kesteren et al., 2012). It would be tempting to speculate that there may 718 

be a gradient across the complexity or extent of an existing schema, which in combination with the amount of new 719 

information overlap, results in a shift from hippocampal to cortical involvement (Alonso et al., 2020). (1) If no 720 

schema is present, the hippocampus is necessary for weeks to months,  (2) if a simple schema is present, the 721 

hippocampus is necessary for memory encoding but new information becomes more rapidly hippocampal 722 

independent and (3) if a complex schema is present, the hippocampus is not even necessary for encoding, similar 723 

to fast-mapping (Coutanche & Thompson-Schill, 2014, 2015) but also see (Cooper et al., 2019). For a more detailed 724 

review on this concept please see (Alonso et al., 2020). 725 

The fourth previous knowledge effect of knowing the spatial map is reflected in long-term memory performance 726 

(first trial of each session) and is the critical difference between our Build-Up and Update phase thus indicative of 727 

the third phase of spatial map learning. Initially, during the Build-Up, the animals show poor long-term (2 d to 3 d) 728 

memory after one training session to a goal location; during the Updates, the consistent development of long-term 729 

memory is accelerated and detectable in the probe trials (critical trial for this is the first trial of the second 730 

session). Interesting, counting the crossings of both the new as well as the last goal location revealed, that animals 731 

retained the memory of the last goal location as well as learning the new one. Thus, new information did not 732 

overwrite the old information. However, one training session only led to a two-day and not five-day memory here 733 

in mice. For long-term memory to last five days in mice, two training sessions were required. This acceleration of 734 
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consolidation has previously been linked to the schema effect (Tse et al., 2007) and therefore it could be 735 

speculated that the knowledge of the map may be linked to schema or schema-like effects.  736 

The HexMaze also revealed interesting features of map effects in mice. Firstly, we are the first to show that the 737 

Build-Up of the cognitive map is dependent on time but not training or experience. This was revealed by training 738 

animals either two or three times a week. When comparing these two training conditions, performance was more 739 

similar when aligned to time (weeks since start of training) than to the number of days already spent in training. 740 

Further, after the 12-week Build-Up with either 36 or 24 sessions of training, all animals showed rapid 741 

consolidation during the Updates, confirming the established cognitive map was independent of training amount. 742 

Thus, time- and not experience-dependency indicates that build-up of a knowledge network requires a remodeling 743 

of the network which importantly, occurs offline and for a certain time period and cannot be facilitated by training 744 

increase. This is reminiscent of the massed vs. spaced memory effect: massed training creates a stronger initial 745 

memory, however spaced training creates a memory trace that lasts longer (da Silva et al., 2014; Nonaka et al., 746 

2017).  747 

 748 

Schema versus learning set 749 

Can a cognitive map, as tested in the HexMaze, be considered as a schema? There are many definitions of schema, 750 
as we recently reviewed (Alonso et al., 2020). Human schema investigations have used different types of schema 751 
from spatial maps of object-location pairs (van Buuren et al., 2014), semantic concepts (van der Linden et al., 752 
2017), visual-texture combinations (van Kesteren, Rijpkema, Ruiter, & Fernandez, 2010) and movies (van Kesteren, 753 
Fernandez, et al., 2010a). In contrast, many rodent studies have used the term schema more loosely e.g. to 754 
describe the first experience with a linear track (Dragoi & Tonegawa, 2013) or a daily-changing sequence of goal 755 
locations on a circular track (McKenzie et al., 2013). Recently Ghosh and Gilboa (2014) summarized four key 756 
features of schemas: (1) an associative network structure, (2) basis on multiple episodes, (3) lack of unit detail, and 757 
(4) adaptability. The requirements are present in our task for testing spatial map: the multiple extra- and intra-758 
maze cues together with the maze-layout represent the associate network structure, training takes multiple 759 
sessions or episodes and we have shown adaptability in the Updates. However, we did not test the same animals 760 
in a similar maze with different extra-maze cues. Further, animals could have used episodic memory of the last 761 
event/trial to solve the task, even though by using different starting points each trial we ensured that each trial did 762 
have a different path. At this point, it remains disputable if the task does test extracted commonalities and shows a 763 
lack of unit detail. It is possible that the animals used specific features of the maze, rather than an abstract and 764 
general knowledge and therefore schema. Therefore, while it is tempting to speculate that in this task the map of 765 
the environment acts as an schema, currently there is not enough evidence for this. What we could show is that 766 
knowledge of the map after twelve weeks of learning, led to expedited long-term memory. Expedited long-term 767 
memory has been argued to be a key feature of schemas (Alonso et al., 2020; Fernández & Morris, 2018; Ghosh & 768 
Gilboa, 2014). 769 

Another argument that spatial maps in general can be seen as schema, is that they use the same underlying 770 
mechanisms. With place-cells in the hippocampus and grid-cells in the entorhinal cortex, we have learned about 771 
the basic building blocks how the cognitive map is coded in the brain (McNaughton et al., 2006; Moser et al., 772 
2008). These same fundamental building blocks have been shown to then also be harnessed for non-spatial 773 
memory representation and associations between these (Behrens et al., 2018). Therefore, in general map learning 774 
can be the ideal model for us to understand how we build-up as well as update our knowledge systems and 775 
therefore schemas.  776 

One criticism of schema tasks such as the paired-associated task is that usually pre-training on the schema and the 777 
updates differ in difficulty and cognitive load because the amount of items learned was differed in the build-up 778 



 

26 
 

versus the update (Tse et al., 2007; van Buuren et al., 2014), which could account for the rapid updating effect that 779 
is the hallmark of schemas. The advantage of our framework is that during both the Build-Up and Updates only one 780 
goal location is presented for multiple sessions, thereby keeping the task difficulty constant. 781 

Another previous knowledge effect described in the literature is learning sets (Harlow, 1949). The difference 782 
between learning sets and schemas is that learning sets describe learning a set of rules that can be applied to new 783 
information. This is in contrast to schemas that are an associated network structure that can accommodate new 784 
learning. In our task learning set would be the animal learning about the principle that there is one goal location 785 
within the maze that stays constant for a certain amount of time but then can change. We believe this effect can 786 
be seen when the animal is learning the first and second goal location during build-up. 787 

 788 

How the task can be applied 789 

The three different phases in the HexMaze are optimal to apply to different types of experiments. For example, if 790 

the goal is to test classic reference memory, simply using the first seven sessions to the goal location is sufficient. 791 

In contrast, if the aim would be to measure neural correlates of navigation within an environment with many days 792 

of data for direct comparisons, training should first be to one goal location but analysis would be applied from the 793 

second session of the second goal location onwards when performance is stable over time (i.e. from ninth training 794 

day). As a third application example, the investigation of offline memory consolidation would occur during the 795 

Updates as here, each change is comparable to the next (plateau performance). One key advantage of the 796 

HexMaze to many other rodent tasks: due to the naturalistic paradigm mice rapidly habituate to the maze (two 1 h 797 

sessions of habituation with all cage mates at once primarily for stress free pick-ups with tubing) and do not 798 

require other pretraining/shaping. 799 

One noticeable challenge in the behavior of the mice in the maze, is that they never reached perfect performance. 800 

Instead even when a specific goal location was experienced for multiple sessions the mice only performed 801 

perfectly with direct runs from start in ~30% of the trials, which increased to ~60% if you considered performance 802 

after the animals passed the first two nodes. This lack of perfect goal-oriented behavior from the starting location 803 

may be due to the difficulty of the task, but more likely is due to the nature of the species itself. In contrast to rats, 804 

mice move rapidly in bursts and show more shuttling and random movements, which is likely inert behavior to 805 

avoid predators (Jones et al., 2017). And even in known environments use random movement strategies (Gire et 806 

al., 2016). The prevalence of random movement patterns could be confirmed in the HexMaze by using a modelling 807 

approach to the data (Vallianatou et al., 2020). Instead of increased goal-directed behavior from the starting 808 

location, learning is expressed in increased foresight: the point of direct run to the goal location will move farther 809 

away from the goal as experience with the maze increases. However, importantly the modelling approach also 810 

confirmed that the behavior of the mice in the HexMaze is better than a random run through the maze once they 811 

learned the goal location (Vallianatou et al., 2020). We are currently developing a rat version of the HexMaze and 812 

can confirm that rats show much more goal-oriented behavior in the maze than mice. 813 

 814 

Conclusion 815 

In sum, we have developed a flexible rodent task in which different effects of previous knowledge of a spatial map 816 

on navigational and memory performance, encoding, and updating can be investigated and both offline long-term 817 

memory and online navigational performance can be evaluated separately. We could show that mice learn this 818 

complex spatial map in three main phases: 1) Learning the initial goal location, 2) faster learning after two weeks 819 

when learning a new goal location and then 3) finally a third phase after 12 weeks to express one-session learning 820 
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leading to long-term memory. We have highlighted different effects that can be seen in this very rich data-set with 821 

more then 30 000 trials, here focusing on the metric of normalized path length and previous knowledge effects. 822 

However, many more metrics such as binary choices at each node and presence of direct runs are provided in the 823 

data-set as well. Thus the data-set (extended data figure 1) can be used for many other applications and 824 

investigations into mice navigation as also seen in the accompanied paper (Vallianatou et al., 2020).  825 

Further, the task itself will enable future studies investigating the principles of memory updates and the involved 826 

mechanisms. While we have not yet investigated whether the effect of rapid systems consolidation (hippocampal 827 

independency) is present in this task as well, we do find a behavioral rapid updating effect that is likely to be 828 

accompanied by the consolidation effect. Overall, our brains are tuned to remembering things that are new, but 829 

how novel something is will depend on our experiences (Duszkiewicz et al., 2019). 830 
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Video 1 Mimicking animal view in the maze 854 
 855 
Video 2 Three trials of S1 during the Build-Up Mouse 12 856 
 857 
Video 3 Three trials of S2 during the Build-Up Mouse 12 858 
 859 
Video 4 Three trials of S1 during the Build-Up Mouse 17 860 
 861 
Video 5 Three trials of S2 during the Build-Up Mouse 17 862 
 863 
Video 6 Three trials of S1 during the Update Mouse 6 864 
 865 
Video 7 Three trials of S2 during the Update Mouse 6 866 
 867 
Video 8 Three trials of S1 during the Update Mouse 19 868 
 869 
Video 9 Three trials of S2 during the Update Mouse 19 870 
 871 

 872 

 873 

Extended Data 874 

Figure 1-1 Data from all trials used in all figures. 875 

  876 
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