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Abstract:  An open problem in the cognitive dimensions of navigation concerns how previous 17 

exploratory experience is re-organized in order to allow the creation of novel efficient 18 

navigation trajectories.  This behavior is revealed in the “traveling sales-rat problem” (TSP) 19 

when rats discover the shortest path linking baited food wells after a few exploratory 20 

traversals.  We recently published a model of navigation sequence learning, where sharp wave 21 

ripple (SWR) replay of hippocampal place cells transmit “snippets” of the recent trajectories 22 

that the animal has explored to the prefrontal cortex (PFC) (Cazin et al. 2019).  PFC is 23 

modeled as a recurrent reservoir network that is able to assemble these snippets into the 24 

efficient sequence (trajectory of spatial locations coded by place cell activivation).  The model 25 

of hippocampal replay generates a distribution of snippets as a function of their proximity to a 26 

reward, thus implementing a form of spatial credit assignment that solves the TSP task. The 27 

integrative PFC reservoir reconstructs the efficient TSP sequence based on exposure to this 28 

distribution of snippets that favors paths that are most proximal to rewards. While this 29 

demonstrates the theoretical feasibility of the PFC-HIPP interaction, the integration of such a 30 

dynamic system into a real-time sensory-motor system remains a challenge.  In the current 31 

research we test the hypothesis that the PFC reservoir model can operate in a real-time 32 

sensory-motor loop.  Thus, the main goal of the paper is to validate the model in simulated 33 

and real robot scenarios.  Place cell activation encoding the current position of the simulated 34 

and physical rat robot feeds the PFC reservoir which generates the successor place cell 35 

activation that represents the next step in the reproduced sequence in the readout.  This is 36 

input to the robot, which advances to the coded location and then generates de-novo the 37 

current place cell activation.  This allows demonstration of the crucial role of embodiment.  If 38 

the spatial code readout from PFC is played back directly into PFC, error can accumulate, and 39 

the system can diverge from desired trajectories. This required a spatial filter to decode the 40 

PFC code to a location and then recode a new place cell code for that location.  In the robot, 41 

the place cell vector output of PFC is used to physically displace the robot and then generate a 42 

new place cell coded input to the PFC, replacing part of the software recoding procedure that 43 

was required otherwise.  We demonstrate how this integrated sensory-motor system can learn 44 

simple navigation sequences, and then, importantly, how it can synthesize novel efficient 45 

sequences based on prior experience, as previously demonstrated (Cazin et al. 2019).  This 46 

contributes to the understanding of hippocampal replay in novel navigation sequence 47 

formation, and the important role of embodiment.  48 
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1. Introduction:   50 

As rats learn to search for multiple sources of food or water in a complex environment, 51 

processes of spatial sequence learning and recall in the hippocampus (HC) and prefrontal 52 

cortex (PFC) are taking place. An open problem in the cognitive dimensions of navigation 53 

concerns how previous exploratory experience is re-organized in order to allow the creation of 54 

novel efficient navigation trajectories.  This behavior is revealed in the “traveling sales-rat 55 

problem” when rats discover the shortest path linking baited food wells after a few 56 

exploratory traversals.   Figure 1 illustrates a schematic view of the TSP problem in rat 57 

navigation.  58 

Recent studies show that spatial navigation in the rat hippocampus involves the replay of 59 

place cell firing during awake and sleep states generating small sequences of spatially related 60 

place cell activity we call “snippets”. We introduce this term as shorthand for “place cell 61 

activation during sharp wave ripples”, and also to recall the notion that they have been 62 

“snipped out” of the larger navigation sequence. These “snippets” occur primarily during 63 

sharp-wave-ripple (SWR) events. Much attention has been paid to replay during sleep in the 64 

context of long term memory consolidation. Here we focus on the role of replay during the 65 

awake state, as the animal is learning across multiple trials. We hypothesize that these 66 

“snippets” can be used by the PFC to achieve multi-goal spatial sequence learning. We 67 

recently published an integrated model of hippocampus and PFC that is able to form spatial 68 

navigation sequences based on snippet replay (Cazin et al 2019), and now for the first time 69 

test this model in a real-time sensory-motor integration, both in a simulated robot, and a 70 

physical robot in order to reproduce rat TSP behavior. This extends our existing spatial 71 

cognition robotic model for simpler goal-oriented tasks (Barrera et al 2011, Barrera & 72 

Weitzenfeld 2008) with a new replay-driven model for memory formation in the hippocampus 73 

and spatial sequence learning and recall in PFC.  The goal of the current research is to 74 

validate this model in simulated and real robot scenarios.  This will allow us to learn how 75 

physical embodiment at a real location in space after a displacement, vs. a simulated 76 

estimation of the location, can impact the system. 77 

 78 

*** Insert Figure 1: TSP problem. *** 79 



 

 

 80 

In contrast to existing work on sequence learning that relies heavily on sophisticated learning 81 

algorithms and synaptic modification rules, we proposed to use an alternative computational 82 

framework known as ‘reservoir computing’ (Dominey 1995) in which large pools of prewired 83 

neural elements process information dynamically through reverberations. Such a reservoir 84 

computational model consolidates snippets into larger spatial sequences that may be later 85 

recalled by subsets of the original sequences (Cazin et al 2019). The resulting integrated 86 

system has allowed us to confirm in an embodied robot context that snippets derived from 87 

multiple sequences could be consolidated into a single novel sequence that corresponds to the 88 

shortest path linking a set of rewarded targets.  Perhaps more importantly, we observed an 89 

interesting advantage for the model when operating in the embodied-cognitive real-time 90 

framework of a robot, illustrated in Figure 2, that will be explained in more detail below. 91 

 92 

*** Insert Figure 2.  Rodent, simulation and robot experiments *** 93 

 94 

Figure 2 illustrates the relation between the rat model, simulation, and robotics.  In all these 95 

cases, the behaving agent is in an arena with rewarded locations, and the target behavior is the 96 

discovery of the efficient path that links these rewarded locations.  In the pursuit of a robotic 97 

demonstration of this capability using reservoir computing and reward-modulated replay, the 98 

following sections overview the key background areas for the proposed research: (1) sleep 99 

and awake replay in rats, (2) place cell models of spatial cognition, and (3) reservoir 100 

computing and sequence learning. 101 

1.1 Snippet Replay in Rats 102 

The hippocampus stores information during the acquisition of new memories and these 103 

memories are replayed as snippets – sequences of place cell activations - during sleep as part 104 

of a memory consolidation process (Buzsáki 1989, Nadel & Moscovitch 1997, Wilson & 105 

McNaughton 1994). Consolidation is believed to involve synaptic changes reflecting the 106 

integration and refinement of memory representations (McClelland et al 1995), likely 107 

facilitated by replay.  This replay involves neural populations that were active during a task 108 

immediately preceding the sleep period.  Reactivations of specific neural activity patterns 109 



 

 

during sleep have been observed in several brain areas including the hippocampus, amygdala, 110 

neocortex and striatum e.g. (Bendor & Wilson 2012, Carr et al 2011, Euston et al 2007, Foster 111 

& Wilson 2006, Hoffman & McNaughton 2002, Ji & Wilson 2007, Peyrache et al 2009). 112 

Other evidence suggests that replay may also occur during the awake state indicating online 113 

memory processes or the planning of behaviors yet to be performed (Carr et al 2011, 114 

Davidson et al 2009, Diba & Buzsaki 2007, Gupta et al 2010). In the hippocampus, it has 115 

been shown that reactivation occurs primarily in a compressed manner, during the occurrence 116 

of fast (150-200 Hz) and short (60-120ms) oscillations called sharp waves/ripples complexes 117 

(SWR). Different subsets of cells reactivate in different SWRs, each cell emitting only a few 118 

spikes. The interspike interval between reactivating cells is within the range of that required to 119 

induce spike-timing dependent synaptic plasticity (STDP). One hypothesis therefore is that 120 

the sequence of reactivation episodes allows for online (awake replay, focus of this research) 121 

and offline (sleep replay) synaptic modifications that will eventually lead to the consolidation 122 

and integration of specific memory items. 123 

Interestingly, the presence of rewards increases replay in hippocampus and ventral striatum 124 

(Lansink et al 2008, Singer & Frank 2009), suggesting an interaction between reinforcement 125 

learning and replay (De Lavilléon et al 2015, Johnson & Redish 2005). The computational 126 

mechanisms underlying these reactivations and their possible consequences on learning have 127 

been investigated in hippocampus (Hasselmo 2008, Johnson & Redish 2005).  It was 128 

suggested that replay may improve reinforcement learning algorithms, in simple tasks in 129 

which rats had to memorize a sequence of turns in a corridor-type maze with a single goal 130 

location (Johnson & Redish 2005).   Cazé et al (2018) provide an extended review of different 131 

forms of replay and their potential contributions and manifestations in different forms of 132 

model free and model based reinforcement learning.  This is of interest in the context of our 133 

claim that replay can implement a simple form of reward propagation for reinforcement 134 

learning. 135 

Most of the replay events occur in the forward direction (place cells activate in the same order 136 

as they would activate if the rat was navigating through them), before a movement is initiated, 137 

while a smaller fraction occur in the backward direction at or near reward sites. Interestingly, 138 

forward replay was found to be more directly correlated with the actual path of the animal 139 

than backward replay (Diba & Buzsaki 2007).  140 



 

 

Our working hypothesis in Cazin et al. (2019) is that forward replay during active learning 141 

triggers the formation of ‘snippets’, short sequences of place cell firings ordered in the order 142 

they were traversed. We also hypothesize that backward replay allows for ‘credit assignment’ 143 

of the snippets when a reward is obtained, hence reinforcing those paths that yielded a reward 144 

(Foster & Wilson, 2006), presented in more detail below. 145 

 146 

1.2 Computational Models of Spatial Cognition in Hippocampus and Robotics 147 

Experimentation 148 

The study of behavioral and neurophysiological mechanisms in rats responsible for spatial 149 

cognition has inspired the development of many computational models of hippocampus place 150 

cells in the context of goal-oriented learning tasks in robotic systems. A number of models 151 

have been developed including those of (Arleo & Gerstner 2000, Barrera et al 2011, Barrera 152 

et al 2015, Barrera & Weitzenfeld 2008, Brown & Sharp 1995, Burgess et al 1994, 153 

Caluwaerts et al 2012, Dollé et al 2010, Gaussier et al 2007, Gaussier et al 2002, Guazzelli et 154 

al 1998, Redish & Touretzky 1997).  An extensive review of models of spatial cognition in 155 

the hippocampus can be found in Moser et al (2017). Here we focus on the process of path 156 

optimization based on replay that is modulated by a novel form of reward propagation. 157 

In this context, we (Barrera et al 2015) described a model for spatial cognition in open arena 158 

environments, i.e. having no corridors, as in the Morris water maze. Recently, the 159 

computational model was extended to incorporate grid and head direction cells, i.e. 160 

“biological odometry” as described in Tejera et al (2018). This system provides the robotic 161 

simulation framework for our integrated experiments linking a sensory-motor system to the 162 

PFC reservoir model for sequence generation. Additionally, in (Llofriu et al 2015) we 163 

describe a place cell model applied to a multiple goal task where a subset of feeders need to 164 

be visited in random order. This model does not include any replay of snippets, and does not 165 

involve learning a particular sequence of feeder visits.  In the current research we use a simple 166 

model of place cell coding based on a uniform tessellation of the arena, described below.  167 

1.3 Reservoir Computing and Sequence Learning 168 

Reservoir computing refers to a class of neural network models in computational 169 

neuroscience and machine learning (Lukosevicius & Jaeger 2009). These systems are 170 

characterized by a sparsely connected recurrent network of neurons (spiking or analog), with 171 



 

 

fixed connection weights (excitatory and inhibitory). Because of the recurrent connections, 172 

this “reservoir” is a dynamical system that has inherent sensitivity to the serial and temporal 173 

structure of input sequences. Reservoir neurons are connected to readout neurons by 174 

modifiable connections, and these can be trained in different tasks (e.g. sequence recognition, 175 

prediction, classification). The first instantiation of such models was by Dominey (Dominey 176 

1995), with the reservoir corresponding to recurrent prefrontal cortical networks, and the 177 

modifiable readout connections corresponding to the corticostriatal projections, with 178 

dopamine-modified synapses (Dominey 1995, Dominey et al 1995). These models addressed 179 

sensorimotor sequence learning, and demonstrated the inherent sensitivity of these recurrent 180 

systems to serial and temporal structure in motor behavior and in language (Dominey 1998a, 181 

Dominey 1998b, Dominey et al 2009, Dominey & Ramus 2000, Hinaut & Dominey 2013) 182 

Maass developed a related approach with spiking neurons and demonstrated the non-linear 183 

computational capabilities of these systems (Maass et al 2002). In the machine learning 184 

context, Jaeger demonstrated how such systems have inherent signal processing capabilities 185 

(Jaeger & Haas 2004), including important robustness to noise such as interference across 186 

multiple consecutive symbols, nonlinear distortion, and additive white Gaussian noise.  187 

Interestingly, these reservoir properties appear to be found in cortex.  For example, 188 

electrophysiological studies have revealed that cortical neurons in primary sensory areas (e.g. 189 

V1) have reservoir properties of fading memory (Nikolic et al 2009).  That is, stimuli 190 

presented in the past tend to resonate in the recurrent network and influence the processing of 191 

subsequent stimuli. Equally interestingly, when these networks are exposed to inputs with 192 

multiple dimensions (e.g. target identification, serial order, match/non-match) neurons 193 

represent non-linear mixtures of these dimensions (Dominey et al 1995, Rigotti et al 2013). 194 

Such nonlinear mixed effects have recently been seen in primate frontal cortex (Rigotti et al 195 

2013).  This argues in favor of a reservoir-like function in recurrent networks of the cortex in 196 

general, and in prefrontal cortex specifically. We have demonstrated how such recurrent 197 

networks can learn about sequential and temporal structure (Dominey 1998b), including serial 198 

order regularities that are expressed in sequence segments (Dominey & Ramus 2000). In 199 

Cazin (Cazin et al 2019), reservoir computing has been exploited in terms of its inherent 200 

ability to allow the concatenation of multiple contiguous subsequences into a coherent 201 

sequence, thus addressing a major open question in navigation trajectory learning.  202 

In the current research, the PFC model is a recurrent reservoir network, that has the useful 203 

property of maintaining a fading history of past internal states due to the recurrent 204 



 

 

connections (Cazin et al 2019).  It is trained to take a place cell code of the current location as 205 

input, and to generate the next position in the learned trajectory, coded in a place cell code in 206 

the output neurons.  The model can learn an integrated version of a single sequence, even 207 

when trained on randomly presented snippets or subsequences of the global sequence.  In the 208 

TSP problem, this integration capability can allow the system to generate the efficient 209 

sequence based on training from snippets issued from sequences that contain parts of the 210 

efficient sequence. 211 

1.4 A Potential Role of Embodiment 212 

Robotic validation can allow us to determine how such learning may be facilitated by 213 

embodiment – the interplay of information and physical processes – when models are allowed 214 

to operate in the physical world (Pfeifer et al 2007).  In this context, recurrent networks are 215 

typically used to generate time series, and can also typically suffer from instability as small 216 

errors in the output are re-injected into the input and eventually accumulate and produce 217 

instability (Jaeger et al 2007).  We encountered this problem in (Cazin et al 2019) and 218 

implemented a denoising process called the spatial filter, which translated the output coded 219 

place-cell vector into its corresponding Cartesian coordinates, and then recoded this as a place 220 

cell vector that was reinjected as input to the PFC reservoir.  In the current research we can 221 

predict that using a form of physical embodiment in the robot may contribute to denoising by 222 

physical computation.  That is, the robot will physically transform the place cell code of the 223 

next trajectory position into a movement to that location.  Then the place cell code 224 

corresponding to that location is generated and used as input in the next time cycle of the 225 

reservoir.  Thus, part of the objective of this research is to determine these potentially 226 

beneficial effects of physical embodiment on the functioning of the PFC-HIPP model. 227 

We first test the model with a simulation of the robot, and then perform 5 experiments with 228 

the physical robot.  Two experiments examine simple sequence learning and reproduction.  229 

Three others address the optimization problem, based on the TSP – traveling salesrat problem.  230 

Here the system is run through three sequences that each contain part of the optimal sequence.  231 

Based on the reward propagation learning, we test whether the PFC-HIPP model can integrate 232 

these subsequences to generate the novel efficient sequence. 233 

 234 

 235 



 

 

2. Methods -  236 

Our approach to answering these questions about the impact of robotic embodiment on our 237 

sequence learning model of reward-modulated replay in hippocampus and reservoir 238 

computing in PFC (see Figure 3) involves testing the model in a real-time sensorimotor loop. 239 

The tests involve navigation between multiple goals (baited cups in rat experiments and 240 

rewarded floor landmarks in a robot arena – see Figures 1 and 2). 241 

 242 

*** Insert Figure 3. Hippocampus-PFC model architecture. *** 243 

 244 

2.1 Replay-Driven Model of Spatial Sequence Learning in the Hippocampus-PFC network 245 

using Reservoir Computing  246 

The computational model consists of 3 main components: Hippocampus Replay module, PFC 247 

Reservoir and readout for Sequence Learning, and the spatial filter. The goal of the model is 248 

to implement online replay-based memory acquisition in the Hippocampus and reservoir-249 

computing based sequence learning in PFC. The Hippocampus generates snippets of place 250 

fields which are used in the PFC reservoir to reconstruct complete spatial sequence 251 

trajectories. After successful learning, when primed with a subsequence, the PFC completes 252 

that initial trajectory as the system becomes entrained by the input sub-sequence. The main 253 

processing steps of the Hippocampus-PFC network model are described below, following 254 

Cazin et al. (2019). 255 

Hippocampal replay based on proximity to rewards 256 

The function of the snippet replay model is to favor snippets that are on efficient paths linking 257 

rewarded sites (e.g. paths linking feeders A, B and C in panel B, Figure 1), and not those that 258 

are on inefficient paths (as in paths linking C, D and E in the same panel).  This is achieved in 259 

two phases, first by propagating errors backwards from rewarded locations by reverse replay, 260 

and then second, by generating snippets to train the PFC by calculating the probability of 261 

replay as a function of proximity to these propagated rewards.  This backward propagation of 262 

distant rewards along spatial trajectories towards the start yields a computationally simple 263 

form of reinforcement learning.    264 



 

 

Hippocampus replay phenomenon observed during SWR complexes in active rest phase is 265 

modeled by a training set made of condensed subsequences of place-cell activation patterns 266 

replayed at random. Sequences are represented with a resolution of 20 samples/meter.  Each 267 

update cycle of the reservoir is considered to correspond to 5 ms of real time.  At this rate, 268 

replay occurs at a rate corresponding to 10 meters/second, which is in the range of that 269 

observed in behaving animals (Davidson et al 2009).   270 

The distribution that is sampled for drawing a random place-cell activation pattern might be 271 

uniform or modulated by new or rewarding experience as described in (Carr et al 2011). In 272 

particular, we model a random replay based on reward. In (Ambrose et al 2016) the authors 273 

show that during SWR sequences place-cell activation occur in reverse order at the end of a 274 

run. We will focus on reward modulated and reverse replay. 275 

A given location in the 2D space generates a place-cell activation pattern in a set of 2D 276 

(16x16) Gaussian place-fields illustrated in Figure 2B.  We define a snippet as the 277 

concatenation of successive place-cell activation patterns: 278 

𝑆(𝑛; 𝑠) =  𝑋𝑖𝑛(𝑡𝑛 → 𝑡𝑛+𝑠) 279 

(1) 280 

Where 𝑋𝑖𝑛 is the place cell activation vector that will be input to the reservoir, n is the offset 281 

into the trajectory, and 𝑠 is the number of concatenated place-cell activation patterns.     282 

In our model of hippocampus replay, we define a time budget noted 𝑇 that corresponds to the 283 

duration of a replay episode. A replay episode 𝐸 is a set of snippets of length 𝑠: 284 

𝐸(𝑠) = {𝑆(𝑛; 𝑠)} 285 

(2) 286 

The sum of the durations of snippets replayed in 𝐸equals at least to 𝑇. If the time budget is 287 

exceeded; one snippet is truncated in order to fit the time budget. 288 

Hippocampus place-cell replay can occur in forward or backward direction as suggested in  289 

(Foster & Wilson 2006). We use reverse replay to propagate reward backwards along the 290 

experience trajectory, and model the reverse replay as follows: For a given trajectory k of  𝑁𝑘 291 

samples, there are 𝑁𝑘 − 𝑠 possible snippets that could potentially be generated from that 292 

trajectory, but only a limited number of snippets will actually be selected to fit the time 293 

budget 𝑇. A snippet 𝑆(𝑛) has a likelihood of being replayed as a function of its proximity to a 294 

reward.  This is implemented by a generative model of snippet replay likelihood that is first 295 

learnt by propagating time delayed reward information according to the replay direction and 296 

the snippet duration. Using a reverse replay rate (learn) of 1 implements uniquely reverse 297 



 

 

replay.  Reward is propagated along the snippet in the reverse direction during this model 298 

building phase for the snippet replay likelihood. 299 

The reward prediction vector 𝑉(𝑡1 →  𝑡𝑁𝑘
) is learnt by initializing it to small positive random 300 

values and then iteratively refined by applying the replay procedure below  K times: 301 

1. Draw a random contiguous time index subset 𝜏 ≡ 𝑇(𝑛, 𝑠, 𝑟; 𝛽𝑙𝑒𝑎𝑟𝑛) according to the 302 

reverse rate 𝛽𝑙𝑒𝑎𝑟𝑛: 303 

a. Select a time-step 𝑡𝑛such that 𝑛 ∈ {1 … 𝑁𝑘}Erreur !  Signet non défini. according to 304 

the replay likelihood defined by: 305 

𝑃(𝑡1 →  𝑡𝑁𝑘
) =

𝑉(𝑡1 →  𝑡𝑁𝑘)

∑ 𝑉(𝑡𝑖
𝑁𝑘

𝑖=1 )
 306 

(3) 307 

b. Select a random number 𝑟 ∈ [0, 1] and a contiguous and monotonous time index 308 

sequence 𝑆 such that: 309 

𝑆 = {
𝑡max (1,𝑛−𝑠+1) → 𝑡𝑛, 𝑟 < 𝛽𝑙𝑒𝑎𝑟𝑛

𝑡𝑛 → 𝑡min (𝑁𝑘,𝑛+𝑠), 𝑟 ≥ 𝛽𝑙𝑒𝑎𝑟𝑛
 310 

(4) 311 

2. Update the reward estimate V over increasing indices of 𝜏 by computing the update 312 

equation: 313 

𝑉(𝑆𝑘) = 𝛼(𝑅(𝑆𝑘−1) + 𝛾𝑉(𝑆𝑘−1)) +  (1 −  𝛼)𝑉(𝑆𝑘)  314 

(5) 315 

Where: 316 

 𝛼 ∈ [0, 1] is the learning rate constant 317 

 𝛾 ∈ [0, 1] is the discount constant 318 

 𝑅(𝑡) is the observed instantaneous reward information 319 

(6) 320 

This is a convex combination of the current estimate of the reward information 𝑉(𝑆𝑘) at the 321 

next time step and the instantaneous reward information 𝑅(𝑆𝑘−1) + 𝛾𝑉(𝑆𝑘−1) based on the 322 

previously observed reward signal 𝑅(𝜏𝑘−1) and delayed previous reward estimate 𝛾𝑉(𝑆𝑘−1)). 323 

This implements a form of temporal difference learning. It is sufficient to define a coarse 324 

reward signal as: 325 



 

 

R(t) = {
1 𝑖𝑓 𝑎 𝑏𝑎𝑖𝑡𝑒𝑑 𝑓𝑒𝑒𝑑𝑒𝑟 𝑖𝑠 𝑒𝑛𝑐𝑜𝑢𝑛𝑡𝑒𝑟𝑒𝑑 𝑎𝑡 𝑡𝑖𝑚𝑒 𝑡 

0 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒
 326 

The snippet generation procedure is simply the repetition of the steps a and b of the replay 327 

procedure  with 𝛽𝑔𝑒𝑛𝑒𝑟𝑎𝑡𝑒 used instead of 𝛽𝑙𝑒𝑎𝑟𝑛 until the sum of time subsequences durations 328 

overflows a fixed time budget duration. 329 

The net result of this replay model, is that a snippet’s probability of replay into the sequence 330 

learning model increases with its proximity to a reward.  This will favor efficient trajectories 331 

with short distances between rewards, and will disfavor long and inefficient paths between 332 

rewards. 333 

Reservoir model of PFC for snippet consolidation 334 

We model the prefrontal cortex as a recurrent reservoir network.  The version that we use to 335 

model the frontal cortex employs leaky integrator neurons in the recurrent network. At each 336 

time-step the network is updated as illustrated in Figure 3, and described here. 337 

 338 

The modelled hippocampus place-cells projects into the reservoir through feed-forward 339 

synaptic connections noted 𝑊𝑓𝑓𝑤𝑑. The projection operation is a simple matrix-vector 340 

product. Hence, the input projection through feed-forward synaptic connections is defined by: 341 

𝑈𝑓𝑓𝑤𝑑(𝑡𝑛) = 𝑊𝑓𝑓𝑤𝑑 ∗ 𝑋𝑖𝑛(𝑡𝑛)   342 

(7) 343 

Where: 344 

 𝑊𝑓𝑓𝑤𝑑 is a fixed connectivity matrix whose values do not depend on time.  345 

Synaptic weights are randomly selected at the beginning of the simulation. Various 346 

probability density functions (PDF) could be sampled and one condition about on 𝑊𝑓𝑓𝑤𝑑 is its 347 

bijectivity, i.e. every stimulus 𝑋𝑖𝑛(𝑡𝑛) must have a distinct image through 𝑊𝑓𝑓𝑤𝑑and each 348 

𝑈𝑓𝑓𝑤𝑑must correspond to a unique 𝑋𝑖𝑛(𝑡𝑛). Practically speaking (Lukosevicius 2012), 349 

sampling U[−1, 1] a uniform distribution is sufficient. A positive synaptic weight in a 350 

connectivity matrix models and excitatory connection and a negative weight models an 351 

inhibitory connection between two neurons. A synaptic weight equals to zero models no 352 

connection between two given neurons. A larger absolute value of the synaptic weights 353 

represents a reinforced correlation between firing patterns of those two neurons.  354 



 

 

Let N be the number of neurons in the Reservoir. Reservoir neurons are driven by both 355 

sensorial input 𝑋𝑖𝑛(𝑡𝑛) and, importantly, by the recurrent connections that project an image of 356 

the previous reservoir state back into the reservoir. The recurrent projection is defined as: 357 

𝑈𝑟𝑒𝑐(𝑡𝑛) = 𝑊𝑟𝑒𝑐 ∗ 𝑋𝑟𝑒𝑠(𝑡𝑛−1)   358 

(8) 359 

Where: 360 

 𝑊𝑟𝑒𝑐 is a N by N square connectivity matrix, 361 

 𝑋𝑟𝑒𝑠  is the reservoir activation 362 

Synaptic weights are drawn from a U[−1, 1] uniform distribution, scaled by a 𝑆(𝑁; 𝐾) =363 

𝐾
1

√𝑁
 factor, where K is the number of place cells in the output vector. The same sign 364 

convention as in equation (7) applies for the recurrent connectivity matrix. 365 

Self-connections (i.e. 𝑤𝑟𝑒𝑐
𝑖,𝑖

 with 𝑖 ∈ 1 …  𝑁) are forced to zero. 𝑊𝑟𝑒𝑐 is also fixed and its 366 

values do not depend on time. The contribution of afferent neurons to the reservoir neurons is 367 

summarized by 368 

𝑈𝑟𝑒𝑠(𝑡𝑛)  = 𝑈𝑓𝑓𝑤𝑑(𝑡𝑛) +  𝑈𝑟𝑒𝑐(𝑡𝑛) 369 

(9) 370 

Then, the membrane potential of reservoir neurons 𝑃𝑟𝑒𝑠is computed by solving the following 371 

ordinary differential equation (ODE): 372 

𝜏
𝜕𝑃𝑟𝑒𝑠

𝜕𝑡
= −𝑃𝑟𝑒𝑠(𝑡𝑛−1) + 𝑈𝑟𝑒𝑠(𝑡𝑛) 373 

(10) 374 

Where: 375 

 𝜏 is the neuron’s time constant. It models the resistive and capacitive properties of the 376 

neuron’s membrane. 377 

We will consider a contiguous assembly of neurons that share the same time constant. . By 378 

choosing Euler’s forward method for solving equation (10), the membrane potential is 379 

computed recursively by the equation: 380 

𝑃𝑟𝑒𝑠(𝑡𝑛) = ℎ ∗ 𝑈𝑟𝑒𝑠(𝑡𝑛) + (1 − ℎ) ∗  𝑃𝑟𝑒𝑠(𝑡𝑛−1)  381 

(11) 382 

Where: 383 

 ℎ =
𝜕𝑡

𝜏
 is called the leak rate 384 



 

 

It is a convex combination between instantaneous contributions of afferents neurons 𝑈𝑟𝑒𝑠(𝑡𝑛) 385 

and the previous value 𝑃𝑟𝑒𝑠(𝑡𝑛−1) of the membrane potential. The current membrane 386 

potential state carries information about the previous activation values of the reservoir, 387 

provided by the recurrent synaptic weights. The influence of the history is controlled by the 388 

leak rate. A high leak rate will result in a responsive reservoir with a very limited temporal 389 

line of sight. A low leak rate will result in a slowly varying network whose activation values 390 

depend more on the global temporal structure of the input sequence.  391 

Finally, the mean firing rate of a reservoir’s neuron is given by: 392 

𝑋𝑟𝑒𝑠(𝑡𝑛) = σ𝑟𝑒𝑠(𝑃𝑟𝑒𝑠(𝑡𝑛); 𝛩𝑟𝑒𝑠) 393 

(12) 394 

Where: 395 

 σ𝑟𝑒𝑠  is the non-linear activation function of the reservoir neurons 396 

 𝛩𝑟𝑒𝑠 is a bias that will act as a threshold for the neuron’s activation function. 397 

We choose a σ𝑟𝑒𝑠 ≡ 𝑡𝑎𝑛ℎ hyperbolic tangent activation function with a zero bias. This can 398 

generate negative outputs from these neurons.   The recurrent weights are [-1,1] and so the 399 

resulting positive and negative inputs to neurons can be considered physiologically as direct 400 

excitatory inputs, or inputs from an inhibitory interneuron.   401 

At this point, the reservoir’s states carry information about its present and past activation 402 

values within a limited timeline of sight. One single reservoir neuron does not contain the 403 

whole information but its activation fluctuations carry partial information about the serial and 404 

temporal structure of the stimulus sequence. This property corresponds to mixed selectivity 405 

observed in cortical neurons in the primate, and is a fundamental signature of cortical 406 

processing (Rigotti et al 2013). 407 

 408 

Learning in Modifiable PFC Connections to Readout 409 

Based on the rich activity patterns in the reservoir, it is possible to decode the reservoir's state 410 

in a supervised manner in order to produce the desired output as a function of the input 411 

sequence. The expected output is only required to be an activation pattern that is temporally 412 

congruent to the input stimulus. This decoding is provided by the readout layer and the matrix 413 

of modifiable synaptic weights linking the reservoir to the readout layer, noted 𝑊𝑟𝑜 and 414 

represented by dash lines in Figure 3. 415 

The readout activation pattern 𝑋𝑟𝑜(𝑡𝑛) is given by the equation: 416 



 

 

𝑋𝑟𝑜(𝑡𝑛) = σ𝑟𝑜(𝑊𝑟𝑜 ∗  𝑋𝑟𝑒𝑠(𝑡𝑛); 𝛩𝑟𝑜) 417 

(13) 418 

Where:  419 

 σ𝑟𝑜 is the non-linear activation function of the readout neurons 420 

 𝛩𝑟𝑜 is a bias that will act as a threshold for the neuron’s activation function 421 

We choose a σ𝑟𝑜 ≡ 𝑡𝑎𝑛ℎ hyperbolic tangent activation function with a zero bias. 422 

Notice that the update schema describe above is a very particular schema inherited from 423 

feedforward neural networks. We chose to use it because it is computationally efficient and 424 

deterministic. 425 

Once the neural network states are updated, the readout synaptic weights are updated by using 426 

a stochastic gradient descent algorithm. By deriving the Widrow-Hoff Delta rule (Widrow & 427 

Hoff 1960) for hyperbolic tangent readout neurons, we have the following update equation: 428 

𝑊𝑟𝑜(𝑡𝑛) = 𝑊𝑟𝑜(𝑡𝑛−𝑏+1) +  𝛼 ∗  𝑋𝑟𝑒𝑠(𝑡𝑛−𝑏+1 → 𝑡𝑛 )429 

∗ (Xro(𝑡𝑛−𝑏+1 → 𝑡𝑛 ) − 𝑋𝑑𝑒𝑠(𝑡𝑛−𝑏+1 → 𝑡𝑛 )) ∗ (1 − Xro(𝑡𝑛−𝑏+1 → 𝑡𝑛 )2) 430 

(14) 431 

Where:  432 

 𝑋𝑑𝑒𝑠  is the desired read-out 433 

 𝛼 is a small positive constant called the learning rate 434 

 𝑡𝑛−𝑏+1 → 𝑡𝑛 is the concatenation of b time steps from 𝑡𝑛−𝑏+1to 𝑡𝑛 435 

When 𝑏 = 1, equation (14) computes a stochastic gradient descent. The case when 𝑏 > 1 is 436 

called a mini-batch gradient descent (Ruder 2016) and allows one to estimate the synaptic 437 

weight gradient base on a b successive observations of predicted and desired activation 438 

values. A mini batch gradient allows one to compute efficiently and robustly the synaptic 439 

weight gradient. Empirically, 𝑏 = 32 gives satisfying results. 440 

In this study, we will focus on the prediction of the next place-cell activation pattern: 441 

𝑋𝑑𝑒𝑠(𝑡𝑛) = 𝑋𝑖𝑛(𝑡𝑛+1) 442 

(15) 443 

The learned output thus codes the next spatial location in a place cell code.  444 

 445 

2.2  System Architecture for Robot Sequence Learning  446 

In order to test the model in a real-time sensorimotor loop, the model was integrated into a 447 

robotic system, first in simulation, then with a physical robot (described in the next section).   448 

 449 



 

 

*** Insert Figure 4 *** 450 

 451 

2.2.1 System integration 452 

The integration of the reservoir model with the simulator (and robot) is illustrated in Figure 4. 453 

The upper portion of the figure represents the physical or simulated robots.  They simulate the 454 

movement of a rat in a 2x2m square arena.  The rat’s internal representation of this space is 455 

realized by a regular 16x16 grid of place cells on this surface (see Figure 1).  The Spatial 456 

Cognition System (SCS) module generates a sequence of place cell (PC) field activations that 457 

begins when the rat is placed in the maze and finishes when the rat has visited all feeders. PC 458 

activations are implemented as Gaussian fields, where the activation of a cell is strongest at 459 

the center and becomes weaker the further away.  During each episode the SCS module: (a) 460 

calculates the activation of all place cells (which we call an activation pattern), (b) records the 461 

activation pattern along with the reward received, and (c) performs navigation actions. After 462 

the completion of each episode the navigation module sends an input sequence to the 463 

reservoir module consisting of all the PC activation patterns and rewards received. 464 

2.2.2 Training 465 

In order to test the reservoir model in the real-time loop with the simulator, the simulator was 466 

first directed to follow the three trajectories corresponding to B-D in Figure 1.  This generated 467 

a set of stored trajectories (including the rewards) that were used for training the reward 468 

propagation replay model.  Once the replay module was trained, it was then used to generate 469 

snippets, where the replay probability of a given snipped was based on its proximity to 470 

reward.   The results of an experiment with 1000 robot simulations are illustrated in Figure 5.   471 

 472 

*** Insert Figure 5 *** 473 

 474 

2.2.3 Evaluation 475 

In each of the 1000 tests, the hippocampal replay model was exposed to the three inefficient 476 

trajectories linking the rewarded locations.  The hippocampal reward propagation algorithm 477 

was applied to these trajectories.  The resulting distributions of replay probability are 478 



 

 

illustrated in Figure 5A.   The height of the peaks represent the replay likelihood, and time is 479 

represented on the horizontal axis, flowing from left to right.  The three sequences are 480 

represented in a color code, with ABCED in blue, EBCDA in pink and BACDE in yellow.  481 

This illustrates how the propagation of reward in replay favors those parts of each trajectory 482 

that link rewarded locations by short subsequences (corresponding to the peaks and mountains 483 

in the replay count profiles (Figure 5A)).  The reservoir model is trained on snippets generate 484 

according to this distribution. 485 

Panel B illustrates the superposition of the 1000 executions of the integrated reservoir model 486 

and robot simulator based on this training.  We observe that the model successfully extracts 487 

the efficient subsequences in order to generate a novel trajectory that links the 5 baited feeders 488 

in the efficient sequence, thus solving the TSP problem.  This was confirmed by a statistical 489 

comparison of the Fréchet distance (Wylie 2013) between the generated sequence and each of 490 

the four illustrated in Figure 1 A-D. A Kruskal-Wallis comparison confirms that the 491 

trajectories generated autonomously are significantly more similar to the target sequence 492 

ABCDE than to the experienced non-efficient sequences (p < 0.0001).  493 

This provides evidence that when place cell codes are used as the output from the reservoir to 494 

the simulated rat, and as input from the simulated rat to the reservoir, the system can properly 495 

operate in this sensory-motor loop. 496 

2.3 Robot Experiments 497 

Based on the successful demonstration that the reservoir model could interact with a 498 

simulated robot, we then proceeded to determine if the model would be robust to conditions 499 

of real sensors and actuators inherent to a physical robot. 500 

2.3.1 Integration in the robot platform environment 501 

The interaction between the reservoir model and the physical robot requires the proper 502 

management of the place cell codes generated by the model, processed by the robot, and then 503 

output from the robot to the model in the sensorimotor loop.  The corresponding infrastructure 504 

and algorithm for managing this interaction is executed in a distributed manner as shown in 505 

Figure 6.  Three main processes are executed in parallel in different nodes of the network. The 506 

node SSL-Vision processes images from a camera to track the position of the robot. The 507 

Spatial Cognition System Node (SCS) is in charge of controlling the experiments, executing 508 



 

 

the model and sending the commands to the robot. Finally, the robot node listens for 509 

commands and executes them. 510 

 511 

***  Insert Figure 6 *** 512 

 513 

Robot Platform 514 

The robot used in the experiments was assembled at USF from “off-the-shelf” components. It 515 

consists of a differential wheeled robot running a ROS (Robotic Operating System) listener 516 

node on a Raspberry Pi 3 board. A Raspbian Stretch image1 with ROS already installed on it 517 

was burnt onto the micro SD card of the board. On top of the robot, a color marker was added 518 

to track the robot as illustrated in Figure 2B. The listener node running in the robot waits for 519 

oncoming messages from SCS. The messages control the linear and angular speeds of the 520 

robot.  521 

Sensory Feedback via Robocup Small Size League (SSL) Vision 522 

The experiments performed use a camera placed on top of the maze in order to track the 523 

position of the robot. The position is used for: a) Logging the path performed by the robot, b) 524 

Calculating the activation of each place cell, and c) Navigating to a given coordinate. 525 

Tracking is done by placing a color marker on top of the robot (as seen in Figure 2B), and 526 

using the Robocup Small Size League Vision software (SSL-Vision)2 to find the position of 527 

the robot. SSL-Vision makes position detections available via google protocol buffers sent as 528 

multicast messages. 529 

Spatial Cognition System (SCS) 530 

Node SCS is in charge of controlling experiments, executing the model and controlling the 531 

robot. The execution of the model varies between trials that train the reservoir and trials that 532 

assess the reservoir, and the details of these interactions is schematically illustrated in Figure 533 

7. 534 

                                                            
1 https://medium.com/@rosbots/ready-to-use-image-raspbian-stretch-ros-opencv-324d6f8dcd96 
2 https://github.com/RoboCup-SSL/ssl-vision/wiki 

https://github.com/RoboCup-SSL/ssl-vision/wiki


 

 

***  Insert Figure 7 *** 535 

2.3.2 Training and Assessment 536 

Training Episode using pre-recorded paths :  537 

On training trials, the robot recreates pre-recorded trajectories synthesizing those from rat 538 

experiments, as in panels B-D Figure 1. On each execution cycle the robot moves from its 539 

current position to the next position in the trajectory using the information received from 540 

SSL-Vision. To do so, the robot first turns in place until it faces towards the next position, and 541 

then it moves forward until its distance from the target position is below a given threshold (3 542 

cm). While moving forward, orientation readjustments are made by the robot to ensure that it 543 

always faces the target location. Once the target location is reached, the new place cell 544 

activation pattern is computed and used to train the reservoir along with the received reward. 545 

This process is repeated until the full pre-recorded trajectory is recreated by the robot. 546 

To assess the noise between the target coordinates and the coordinates produced by the robot, 547 

a test was performed where the robot was assigned to go to 100 random points chosen from a 548 

uniform distribution over a circle of radius 1. The error was measured as the distance between 549 

the points. Results showed that the maximum error was of 2.96cm with mean, median and std 550 

of 0.88cm, 0.90cm and 0.42cm respectively. 551 

Training Episode using robot local camera for feeder-taxic behavior 552 

During a training episode using the camera for feeder-taxic behavior, the robot is assigned to 553 

visit a sequence of feeders in a specific order using a local camera to guide navigation. To do 554 

so, the robot uses the camera to search and identify feeders in the maze. Feeders are 555 

represented using PVC cylinders of about 9cm in diameter, which are covered with different 556 

color markings to allow identification as illustrated in Figure 8.  557 

To identify feeders in an image, we use OpenCV to find blobs of color that are classified 558 

according to their color patterns. The result of the identification process provides a list of 559 

detections where each detection consists of the detected feeder’s id and its centroid in the 560 

image.  The centroid’s coordinates are scaled to the range [-1 ,1] both for the x and y axis, 561 

where negative values represent pixels to the left and lower halves of the image and vice 562 

versa. The identification process is illustrated in Figure 8. 563 

 564 



 

 

***  Insert Figure 8 *** 565 

 566 

 567 

When the robot is assigned to go to a given feeder, first the robot checks whether there is an 568 

obstacle (previous feeder) in front of it using a forward-facing distance sensor. If there is 569 

(Figure 8 D), the robot moves backward until it has enough space to turn in place (at least 570 

11cm from its front). Then (Figure 8E), the robot turns in place in counterclockwise manner 571 

until the next feeder’s x coordinate is detected within the range [-0.5,0.5]. At that point 572 

(Figure 8F), the robot continues turning in place but using proportional control to control the 573 

angular speed of the robot using the feeder’s x coordinate as the process variable with a 574 

setpoint of 0 and using lower and upper absolute bounds for the output speed. This process 575 

continues until the feeder’s x coordinate is within the range [-0.2, 0.2], at which point (Figure 576 

8G) the robot starts moving forward using the same mechanism (but with different constants) 577 

to control the angular speed, and using proportional control on the distance of the front sensor 578 

to control the linear speed of the robot until the distance to the feeder is smaller than 8cm, 579 

point (Figure 8H) at which the robot stops and considers it has reached the target feeder. 580 

 581 

Assessment:  582 

The interaction between robot and reservoir model is detailed in Figure 7.  Assessment trials 583 

are similar to training trials, except that the next robot position is provided by the reservoir 584 

instead of using a pre-recorded trajectory. In order to initialize the reservoir, the first 10 585 

positions of the trajectory are fixed. Then the reservoir generates the next position, and is put 586 

into a wait mode, where the current state is frozen.  The position is used to drive the robot. 587 

After reaching this position, the place cell activation pattern is computed and passed to the 588 

reservoir to compute the next target position, with a single execution of Eqn. 11. The process 589 

is repeated until the reservoir indicates that the sequence is finished. 590 

3. Results 591 

A total of 5 experiments were performed assessing whether simulation results could be 592 

reproduced using a real robot. As in the simulations, each experiment was split into two 593 

phases. Phase 1  consisted of at least one training trial, where the robot replicated a pre-594 



 

 

recorded path on each trial.   During each trial, the place field activation patterns were 595 

recorded and later used to train the reservoir. Phase 2 consisted of a single assessment trial 596 

where the trained reservoir was used to control the motion of the robot as explained above.  597 

All training and assessment trials together totaled over 160 separate runs of the robot. 598 

Experiment 1 used one prerecorded path to provide training data for the replay model, and 599 

then tested the ability to learn and reproduce that sequence.  This was a validation experiment.  600 

Experiment 2 used three prerecorded paths to train the replay model (corresponding to the 601 

three non-efficient trajectories in Figure 1B-D).  The reward modulated replay was then used 602 

to train the reservoir, and the trained reservoir was then used in the sensory-motor loop with 603 

the robot.  Experiment 3 extended Experiment 1 by using the visually-guided feeder-taxic 604 

behavior that allowed the robot to autonomously follow a pre-specified sequence of feeders to 605 

generate the training data.  Experiment 4 used the same visually guided behavior to run 606 

between the feeders ABCED, EBCDA, BACDE in order to provide the training data.  607 

Experiment 5 used a simplified version of this, with the sequences ABC, BCD, CDE.  608 

Parameters for the simulation are provided in Table 1. 609 

3.1 Experiment 1 – Sequence reconstruction 610 

Phase 1 of Experiment 1 consisted of one training trial on the trajectory linking feeders 611 

ABCDE. The trajectory was provided to the robot.  Similarly to the simulations, the objective 612 

of this experiment was to assess whether the reservoir would still be able to reconstruct the 613 

sequence presented in Phase 1, even under the presence of noise introduced by the robot. Ten 614 

replications of the experiment were performed with different reservoir instances. Results are 615 

shown in Figure 9.  The superposition of the ten robot executions of the pre-recorded 616 

trajectory is illustrated in Figure 9 panel A.  The superposition of the ten robot reproductions 617 

of this trajectory based on learning in the reservoir is illustrated in panel B.  In all cases the 618 

reservoir was capable of learning and replicating the path performed on Phase 1. 619 

 620 

*** Insert Figure 9 *** 621 

 622 

 623 

3.2 Experiment 2 – Sequence optimization in TSP 624 



 

 

In Experiment 2, the objective was to assess whether the reservoir would be able to combine 625 

and optimize multiple trajectories performed by the robot. In this case, Phase 1 consisted of 3 626 

trials, where each trial contained a subsequence of the optimal path. Here, ten replications of 627 

the experiment were performed. The three pre-recorded trial sequences that were used to drive 628 

the robot are illustrated in Figure 1 panels B-D.  Again, each of these contained part of the 629 

efficient path (illustrated in Figure 1 panel A), but they also contained inefficient components 630 

(illustrated in blue in the trajectories in Figure 1).  Thus, the challenge of the model is to use 631 

the reward-modulated replay in order to learn and extract the efficient components and 632 

synthesis of the efficient sequence.   633 

Thus, the three trajectories were run, allowing the collection of the path and reward data that 634 

feeds into the replay module (Figure 4A).  There, the replay algorithm propagates the reward 635 

backwards from each rewarded feeder.  These reward values are then used as probabilities in 636 

selecting snippets for replay to be used to train the reservoir model.  The result is that the 637 

snippets used to train the model are drawn from locations close to the rewards.  This produces 638 

a tendency to favor the shortest sequences linking the five rewarded targets (see Figure 5 for 639 

an illustration of this effect).   640 

As observed in Figure 9F, the reservoir was able to extract the optimal subsequences and 641 

combine them into an optimal sequence. These results demonstrate that the PFC-HIPP 642 

reservoir-replay model can indeed successfully be integrated in the real-time sensory-motor 643 

loop as required for physical robot control. 644 

3.3 Experiment 3 - Visually Guided Sequence Reconstruction 645 

Experiment 1 used a pre-established trajectory to guide the robot in the training phase.  Here 646 

we use a visually guided navigation capability in order to drive the robot along the ABCDE 647 

trajectory in the training phase.  Thus, the experience that the robot uses to learn from is self-648 

generated, based on the taxic behavior toward the targets.   649 

We performed 10 replications of the experiment using different random number seeds to 650 

initialize the connection weights in 10 instances of the reservoir.  As seen in Figure 10, the 651 

superposition of 10 executed trajectories yields quite low variability, and the visually guided 652 

navigation is quite robust.  Slightly more variability is observed in Figure 10 B illustrating the 653 

superposition of the 10 executions.   Note in Figure 10A that there is very low variability or 654 

noise in the visually guided sequences executed by the robot. 655 



 

 

 656 

***  Insert Figure 10 *** 657 

  658 

3.4 Experiment 4 - Visually Guided Sequence Consolidation in TSP 659 

Experiment 2 used 3 pre-established trajectories to guide the robot in the training phase.  Each 660 

of those trajectories contained part of the efficient trajectory linking feeders ABCDE.  Here 661 

we use visually guided sequences, illustrated in Figure 10 C-E, each of which contains part of 662 

the efficient trajectory linking feeders ABCDE.  The objective is to determine whether the 663 

reservoir instances, in 10 separate executions of the experiment, can link these subsequences 664 

together to generate the efficient trajectory ABCED.   665 

Comparison of these sequences that are used for training, with those issued from pre-recorded 666 

sequences in Figure 9A-C reveals an interesting difference.  In Figure 9A-C, the sequences 667 

are more looping, and in particular the inefficient parts are long and wondering (as observed 668 

in the rat (de Jong et al 2011)).  In the sequences generated by the robot visual guidance, 669 

illustrated in Figure 10, the trajectories between feeders are quite straight.  In Figure 10F, 670 

showing the superposition of the 10 repetitions of the assessment trials, we see that the model 671 

has indeed extracted the efficient subsequence ABCD, but gets stuck at D.  This indicates that 672 

after arriving at D, the activation within the reservoir state generates an output in the reservoir 673 

readout that does not correspond to a real location.  We observe this behavior only in these 674 

more difficult situations involving consolidation of multiple potentially conflicting 675 

trajectories. 676 

3.5 Experiment 5 - Visually Guided Sequence Consolidation in TSP 677 

The objective of this experiment is to demonstrate that the HIPP-PFC model consolidates a 678 

complete sequence from training on individual trajectories, generated by the visually-guided 679 

feeder-taxic behavior, each of which contains only part of the desired whole.  The 680 

experimental procedure was identical to that in Experiment 4, with the exception that the 681 

feeder sequences that were provided to the visually-guided feeder-taxic navigation system 682 

were ABC, BCD and CDE illustrated in Figure 11A-C.  683 

 684 



 

 

***  Insert Figure 11 *** 685 

Figure 11D illustrates the superposition of 10 assessment trials after training on snippets 686 

generated from visually-guided feeder-taxic sequences.  These assessment trials demonstrate 687 

that the robot can use trajectories generated by visual navigation to train the HIPP-PFC model 688 

which can integrate the efficient subsequences and generate the complete efficient trajectory.   689 

 690 

 691 

4. Discussion: 692 

In this study, experiments were performed with a physical robot to test a novel hippocampus-693 

reservoir model (Cazin et al. 2019) under real-time constraints similar to that of rats with 5 694 

baited cups. By real-time we mean that the model generates its response, the robot physically 695 

moves, the location input is updated to provide a new input to the model, and the model 696 

generates it next response.  During Phase 1 first trials, the robot follows pre-recorded paths.  697 

We can consider that this corresponds to the rat using simple local heuristics for foraging   698 

During the traversal, place cells are activated, and when a reward is detected (provided by the 699 

control program that will give a reward signal when the robot approaches a baited target), this 700 

place and reward information is input to the replay model that propagates reward value along 701 

the spatial trajectories, implementing a reinforcement learning process. After the robot has 702 

visited all of the rewarded targets, it enters the inter-trial period. During this period the 703 

hippocampus model will predominantly replay snippets that were along the part of the 704 

trajectories that received the propagated reward. This replay is provided as a place cell 705 

activation sequence to the PFC model. With data from multiple trials, via the reward 706 

propagation in hippocampus model, the replay of snippets that occur during an efficient 707 

traversal from one rewarded target to another will be increased with respect to traversals that 708 

strayed far from rewards. The inputs to the PFC model thus predominantly consist of snippets 709 

that form part of the global efficient sequence to be synthesized from past experience. We 710 

have shown that, whereas the hippocampus model can learn local regularities (in terms of 711 

creating snippets with replay modulated by reward), it does not bind them into a coherent 712 

whole. The PFC model performs this global linkage of replayed snippets to produce a 713 

complete beginning to end sequence.    714 

 715 



 

 

An interesting feature of this replay is the time warping.  While  rats tend to navigate at 716 

speeds on the order of 0.5m/s, their replay rates are on the order of 15-20 times faster (7.6 -717 

10.8 m/s).  This requires that the PFC can receive training input from hippocampus at the 718 

compresses or speeded rate, and then during future navigation, generate its outputs 15-20 719 

times slower.  Interestingly,  such effects can be achieved by changing the time constant of 720 

the leaky integrator neurons (Jaeger et al 2007), suggesting that the PFC model can learn at 721 

one rate and replay 15-20 times slower, as required in the animal.   722 

Perhaps most interestingly, this research serves as an example of the value of physical 723 

embodiment.  In Cazin et al (2019), we noted that when reservoir output (in a place cell 724 

population code) is fed back as input during autonomous sequence generation, small errors 725 

can accumulate and lead to divergence from the desired trajectory.  To attenuate this problem 726 

we introduced denoising procedure as a spatial filter, which decoded the space cell output into 727 

the corresponding location and then properly recoded that location which was then reinjected 728 

into the reservoir in the autonomous generation procedure.  Interestingly, what we observe 729 

with the robot is that the physical embodiment actually contributes to this denoising 730 

procedure.  That is, the system takes the place-cell coded output and uses this to generate the 731 

command to move to the coded location.  The place-cell code for this location is then 732 

generated and used as input to the reservoir.  Even if we use the overhead camera to 733 

determine the location of the robot to generate the new place cell code, what is important is 734 

that the noisy location code in PFC is denoised by generating a noise free physical movement 735 

by the robot  The embodiment thus contributes to the denoising, as it is the physical 736 

movement of the robot to a particular location that is used to generate the proper coding of 737 

that location as input in the next processing cycle.    738 

The current research focuses on awake replay that occurs during rest between successive 739 

trials.  During learning, the robot follows a trajectory not generated by the model.  This could 740 

be pre-recorded (as in Experiments 1 and 2), or could come from a simpler foraging system 741 

(as in Experiments 3-5).  After one or more such trials, during a presumed short rest period, 742 

replay propagates the rewards, and generates snippet based on these propagated rewards.  743 

These snippets are used to train the model, and in the following trail the robot uses the newly 744 

synthesized TSP sequence.  The system thus exploits reverse replay for formation of the 745 

reward model, and forward replay for training the reservoir.  In previous work (Cazin et al 746 

2019), we also examined how reverse replay during training of the reservoir could allow the 747 



 

 

system to exploit its past experience but in the reverse direction as discussed in (Gupta et al 748 

2010).   749 

In the real TSP setting, after each attempt in a given configuration of the arena, the rat is 750 

returned to a waiting area where replay can occur.  Awake replay can typically occur during 751 

such rest periods between trials.  Interestingly, awake reply predicts upcoming navigation 752 

behavior and tends to over-represent the goal location (Pfeiffer & Foster 2013), consistent 753 

with our model.  We approximate this by modeling replay as occurring during the rest period 754 

after several runs through the baited arena, with replay biased towards locations near the 755 

rewards.  In contrast, during a given run, while the rat is consuming a reward, reverse replay 756 

occurs, starting from the rewarded location  (Carr et al 2011).  This is related to our reverse 757 

replay that is used to propagate the reward.  Interestingly, allowing reverse replay for this 758 

reward propagation to take place during the pause at each rewarded site would provide for a 759 

more realistic model. 760 

The use of replay in reinforcement learning (RL) (Cazé et al 2018) and more generally in 761 

machine learning (Andrychowicz et al 2017) indicates its power as providing a method to 762 

generate training data and internal models to improve learning.  Different forms of replay can 763 

be used in to learn the value function in model free RL, and in learning the world model in 764 

model based RL.   Our model uses reward propagation to form a reward gradient that is used 765 

to generate data for training a reservoir sequence learning model.  We evaluate the model 766 

using the TSP problem which is rather unique in the RL sequence learning literature.  We 767 

provide one exposure to each of a small number of sequences (here 3), each of which contains 768 

a subsequence that is part of the optimal path.  The system then learns based on a single 769 

exposure to each of these three sequences, and is then allowed a single trial to determine if 770 

through learning the system can extract the efficient subsequences to generate the optimal 771 

sequence.  Typical RL systems tested in rat navigation contexts learn by exploration and 772 

require 20-50 laps through the maze in order to learn (Cazé et al 2018).  Our model is able to 773 

learn with one trial of each of the training sequences by an innovative use of replay first to 774 

perform reward propagation, and then to train the model on data that is biased by this 775 

propagated reward.  This reward propagation to bias replay for learning is a computationally 776 

simple form of reinforcement learning for reservoir computing that favors the efficient 777 

subsequences resulting in synthesis of the novel efficient sequence.   778 



 

 

One of the limitations of our work is that robot position was provided by an external top-779 

down viewing camera system.  More realistic localization in navigation has been provided in 780 

related work by (Tejera et al 2018), building on work initially demonstrated in place cell 781 

models for robot navigation (Burgess et al 1997). Future research includes further 782 

understanding of how different navigation and learning mechanisms interact.  The system we 783 

investigated in our work requires previous experience from which to extract the most efficient 784 

components.  Thus, other, likely simpler, mechanisms could be at work to plan more local 785 

navigation strategies, while more integrative strategies could be provided by the type of 786 

mechanisms suggested in this work.  Importantly, we demonstrate here how the biasing of 787 

snippet replay by reward proximity allows a reservoir model of PFC to generate efficient 788 

navigation sequences, demonstrated in physical robot implementation. 789 
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Figures 792 

 793 

 794 

Figure 1.  Schematic of the TSP task.  A. The desired efficient trajectory. B-D. Three 795 

inefficient trajectories that contain parts of the efficient trajectory (in red), and inefficient 796 

components (in blue).  After exposure to B-D, the rat or model should be able to generate A. 797 

(From Cazin et al. 2019 with permission). 798 
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 815 

Figure 2: Rodent and robot experiments. A. Behavioral apparatus where a rat (no hyperdrive) 816 

is shown wearing a reflective jacket for tracking purposes on the open-field with 21 cups 817 

(Watkins de Jong et al. 2011). B.  Physical robot that is used as a rat robot. C. Deployment of 818 

the rat robot in the baited arena.  D.  Illustration of SCS robot simulator in an evirnment of 819 

baited target positions.  E.  16x16 place cell tessellation of the physical space of the SCS 820 

simulator and robot. 821 
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Figure 3. Hippocampus-PFC model architecture.  Prefrontal cortex is modeled as a 1000 unit leaky 827 

integrator reservoir.  Input is provided as the current location from Hippocampus in a 256 element 828 

place cell activation vector.  Likewise, modifiable readout connections project to a place cell code of 829 

the next location coded  in the readout (striatum).  During sequence generation, this place cell output is 830 

recoded into a de-noised place cell code in the Spatial Filter (equivalent to driving a simulated or real 831 

robot), with the resulting next step provided as input to the PFC-reservoir, in an auto-generation mode.  832 

See text for details on training.  From Cazin et al (2019) with permission. 833 
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 840 

Figure 4.  Integration of SCS Simulator and Robot with the Reservoir sequence learning 841 

model.  A.  After the SCS generates one or more navigation trajectories to train the Reservoir, 842 

these trajectories are sent to the Replay Module.  The Replay Module learns the reward 843 

propagation model, implementing a spatial reward gradient.  B.  Snippets generated by replay 844 

using the reward gradient are used to train the Reservoir model.  The trained model is then 845 

executed.  C.  At each time step it sends the next predicted location to the Spatial Filter as a 846 

place cell activation vector.  D.  The Spatial Filter decodes the x,y coordinates of that place 847 

cell population and transmits these coordinates to the SCS Simulator or Robot.  E. The 848 

Simulator/Robot generates the corresponding motion to that new position, and transmits the 849 

location coded as a place cell activation vector to the Reservoir.  This completes the 850 

sensorimotor loop, as this new position input drives the Reservoir to generate the prediction of 851 

the next movement in the sequence.   852 

  853 



 

 

 854 

Figure 5.    Efficient Sequence Synthesis using the SCS robot simulator.  A.  Distribution of snippets 855 

drawn from the sequences illustrated in Figure 1 B, C and D.  Red arrows indicate the peak replay 856 

probabilities corresponding to the subsequences ABC, BCD and CDE that constitute the efficient 857 

sequences.  Globally we observe snippet selection favors snippets from the beginning of sequence 858 

ABCED (blue), the middle of EBCDA (yellow), and the end of sequence BACDE (pink), which 859 

corresponds exactly to the efficient subsequences (ABC, BDC, and CDE) of these three sequences.  860 

This distribution of snippets is used to train the model.  The results of the training are illustrated in 861 

panel B.  Here we see a 2D histogram of sequences generated by the model in the ABCDE 862 

recombination experiment. Scs simulator is used instead of a virtual rat plugin, 1000 trajectories (1000 863 

different rats, 1 random walk per rat) are used.   864 
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 867 

Figure 6. Communication infrastructure for integrated robot experiments.  Robot location 868 

perceived by Camera connected to computer that executes SSL-Vision software to track the 869 

position of the robot. The position is made available to the computer running SCS by means 870 

of multicast messages sent over LAN. SCS runs the reservoir model and sends commands to 871 

the robot via WIFI using ROS (Robot Operating System).  872 
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 887 

Figure 7.  Summary of interaction between robot and reservoir for training and assessment. A.  During 888 

the execution of pre-recorded trajectories, Rat Path sends locations to the controller, and in parallel, 889 

the sensory feedback from vision allows creation of the place cell trajectories that correspond to the 890 

physical path taken by the  robot.  This is to be used for generating the reward-modulated replay 891 

model that generates snippets to train the reservoir.  B. During assessment, the trained reservoir is 892 

inserted in the sensory-motor loop.  Vison generates place cell codes that drive the reservoir.  The 893 

reservoir generates output as place cell activity that is used to generate the command to the robot 894 

controller.  The robot moves, updates its position and the vision system perceives this new position 895 

and the loop continues. 896 
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Figure 8.  Visually guided navigation. Feeder localization is performed by finding the centroids of the 907 

color blobs using OpenCV A) Disposition of the feeders in space. B) Feeder color details. C) CVS 908 

Output detection. D) New goal is set.  Robot moves backwards to allow turning in place. E) Goal not 909 

in sight, turn in place until goal feeder is found. F) Goal was found, center it on image using 910 

proportional control. G)Centered on goal, advance while keeping goal centered until close enough. 911 

Use proportional control to control both linear and angular speed. H) Goal reached. Robot stops and 912 

waits new feeder to be chosen. 913 
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 916 

Figure 9.  Robot execution results with training trajectories given to robot.  Experiment 1.  Panel A 917 

indicates the superposition of the 10 robot executions of the pre-recorded trajectory.  This was used to 918 

generate a place cell trajectory that was used by the replay model to train the reservoir.  Panel B 919 

illustrates the trajectory superposition of the trajectory that was learned by the reservoir and executed 920 

in a real-time sensorimotor loop with the robot over 10 separate execution.  Experiment 2. Panels C-E 921 

represent the superposition of the 10 robot executions for each of the three prerecorded inefficient 922 

sequences linking rewarded targets A,B,C,D and E.       Panel F illustrates the superposition of 10 923 

executions of the robot when the integration of training trials in panels C-E is used to train the 924 

reservoir.  The result is the discovery of the efficient global sequence, which was never seen in its 925 

entirety during training.  The superposition in Panel F illustrates some variability in this integrative 926 

processing. 927 



 

 

 928 

Figure 10.  Robot execution results with training trajectories given provided by visual-taxic 929 

navigation.  Experiment 3.  Panel A indicates the superposition of the 10 robot executions of the 930 

visually guided trajectory.  This was used to generate a place cell trajectory that was used by the replay 931 

model to train the reservoir.  Panel B illustrates the trajectory superposition of the trajectory that was 932 

learned by the reservoir and executed in a real-time sensorimotor loop with the robot over 10 separate 933 

execution.  Experiment 4. Panels C-E represent the superposition of the 10 robot executions for each 934 

of the three visually guided partial sequences linking rewarded targets A,B,C,D and E. Panel F 935 

illustrates the superposition of 10 executions of the robot when the integration of training trials in 936 

panels C-E is used to train the reservoir.  The result is the discovery of the efficient global sequence, 937 

which was never seen in its entirety during training.  The superposition in Panel F illustrates some 938 

variability in this integrative processing, and the inability to finish the sequence trajectory from feeder 939 

D to E. 940 
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 943 

Figure 11.  Experiment 4. Robot execution results with training trajectories given provided by visual-944 

taxic navigation.  Panels A-C represent the superposition of the 10 robot executions for each of the 945 

three visually guided partial sequences linking rewarded targets A,B,C,D and E. Panel D illustrates the 946 

superposition of 10 executions of the robot when the integration of training trials in panels A-C is used 947 

to train the reservoir.  The result is the discovery of the efficient global sequence, which was never 948 

seen in its entirety during training.  The superposition in Panel D illustrates some variability in this 949 

successful integrative processing. 950 
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Table 1.  Parameters used for robot experiments.  Leak rate h was established empirically.  954 

Replay Reservoir 

learn  = 1 learning reverse replay rate  

generate  = 0 generate reverse replay rate  

𝑇 = 1000 replay time budget 

Snippet size = 10 

K = 256 number of place cells 

 

N = 1024 Reservoir size 

α = 9.76e-06 learning rate 

γ = 0.95 discount constant 

h = 0.785991 leak rate  

Mini-batch b = 32 

Sampling rate – integration time step = 0.05s 

 955 

Appendix:  Code for the HIP-PFC model simulator is available at : 956 

https://github.com/NicolasCAZIN/TRN.  Code for the animat SCS simulator integrated with the 957 

model is available at  : https://github.com/biorobaw/scs 958 
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