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Abstract 15 

Relational memory, the ability to make and remember associations between objects, is an 16 

essential component of mammalian reasoning. In relational memory tasks, it has been shown that 17 

periods of offline processing, such as sleep, are critical to making indirect associations. To 18 

understand biophysical mechanisms behind the role of sleep in improving relational memory, we 19 

developed a model of the thalamocortical network to test how slow-wave sleep affects 20 

performance on an unordered relational memory task. First, the model was trained in the awake 21 

state on a paired associate inference task, in which the model learned to recall direct associations. 22 

After a period of subsequent slow-wave sleep, the model developed the ability to recall indirect 23 

associations. We found that replay, during sleep, of memory patterns learned in awake increased 24 

synaptic connectivity between neurons representing the item that was overlapping between tasks 25 

and neurons representing the unlinked items of the different tasks; this forms an attractor that 26 

enables indirect memory recall. Our study predicts that overlapping items between indirectly 27 

associated tasks are essential for relational memory, and sleep can reactivate pathways to and 28 

from overlapping items to the unlinked objects to strengthen these pathways and form new 29 

relational memories. 30 

 31 

Keywords:  Transitive Inference, Synaptic Plastic, Learning & Memory, Sleep & Memory 32 

Consolidation 33 
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Significance Statement 38 

Experimental studies have shown that some types of associative memory, such as transitive 39 

inference and relational memory, can improve after sleep. Still, it remains unknown what 40 

specific mechanisms are responsible for these sleep-related changes. In this new work, we 41 

addressed this problem by building a thalamocortical network model that can learn relational 42 

memory tasks and that can be simulated in awake or sleep states. We found that memory traces 43 

learned in awake were replayed during slow-waves of NREM sleep and revealed that replay 44 

increased connections to and from overlapping memory items to form new relational memories. 45 

Our work discovered specific mechanisms behind role of sleep in associative memory and made 46 

testable predictions about how sleep augments associative learning. 47 
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 48 

The ability to form indirect associations between learned items with overlapping elements 49 

highlights an important part of abstract problem solving. This type of learning, known as 50 

transitive inference, is a fundamental feature of relational memory (DeVito, Kanter, and 51 

Eichenbaum 2010). For example, one may watch a movie (object A) and experience a feeling of 52 

familiarity about a certain actor (object B), giving rise to the question of what movie that actor 53 

has been in previously (object C). This type of memory, where the premises that ‘A goes with B’, 54 

and ‘B goes with C’ are learned, represents a type of transitive inference where the indirect 55 

association (that ‘A goes with C’) is not inherently learned but is inferred by the subject. Despite 56 

the seeming complexity of the task, it has been shown that rats, primates, and humans are 57 

capable of performing transitive inference and relational memory tasks (Vasconcelos 2008; 58 

DeVito, Kanter, and Eichenbaum 2010). Importantly, depending on the type of task, the ability to 59 

connect indirect associations or inferences may not be explicitly acquired immediately after 60 

training (Ellenbogen et al. 2007; Walker et al. 2002).  61 

Empirical studies suggest that offline processing, such as during sleep, is important in 62 

forming indirect associations (Ellenbogen et al. 2007; Werchan and Gómez 2013) . Sleep is a 63 

principle component behind many types of memory consolidation and plays an important role in 64 

learning (Klinzing, Niethard, and Born 2019; Walker and Stickgold 2004; Ji and Wilson 2007; 65 

Maquet 2001). The role of non-Rapid Eye Movement (NREM) sleep in learning and memory has 66 

been shown to be significant, aiding in consolidation of declarative memories and memories for 67 

complex motor learning tasks (Diekelmann and Born 2010; Walker et al. 2003; Miyamoto et al. 68 

2016). A central hypothesis for memory improvement during NREM sleep is that replay or 69 

reactivation of learned synaptic memory traces during sleep oscillations (spindles or slow waves) 70 
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strengthens synaptic traces of these labile memories (Wei, Krishnan, and Bazhenov 2016; Wei et 71 

al. 2018; González et al. 2020). Sleep has been shown to augment problem solving (Lewis, 72 

Knoblich, and Poe 2018; Hiuyan Lau, Alger, and Fishbein 2011b; Walker et al. 2002; Wagner et 73 

al. 2004; Nieuwenhuis et al. 2013) and hypothesized to create cognitive schemata by replaying 74 

memories with overlapping elements, strengthening the connections between overlapping 75 

memories and leading to generalization of learned concepts (Lewis and Durrant 2011; Lewis, 76 

Knoblich, and Poe 2018).  77 

Accumulating evidence suggests that sleep may play a critical role in learning relational 78 

memory tasks (Ellenbogen et al. 2007; Werchan and Gómez 2013; Studte, Bridger, and 79 

Mecklinger 2015; Chatburn, Lushington, and Kohler 2014; Hiuyan Lau, Tucker, and Fishbein 80 

2010; Hiuyan Lau, Alger, and Fishbein 2011b). One study showed that duration of slow wave 81 

sleep is significantly correlated with learning indirect associations (Hiuyan Lau, Tucker, and 82 

Fishbein 2010). Another study tested a subject’s ability to relate abstract concepts through 83 

generalization, and found improvements after a day-time nap (Hiuyan Lau, Alger, and Fishbein 84 

2011b). It has also been shown that sleep can increase a subject’s ability to perform hierarchical 85 

transitive inference, where A > B and B > C are learned premises and A > C is a tested 86 

abstraction (Ellenbogen et al. 2007). 87 

Despite the progress made in understanding the role of sleep in increasing relational 88 

memory performance, it remains unknown what biophysical mechanisms account for this 89 

function. Here, using a biophysical model of the thalamocortical network, we tested the role of 90 

NREM sleep on the network’s ability to perform a relational memory task. We found that the 91 

network can form indirect inferences, which were never trained directly, following periods of 92 

slow-wave sleep. We further revealed that sleep replay increases connections to/from a shared 93 
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conjunctive memory unit, giving rise to an increase in performance during relational memory 94 

tasks. Ultimately, a theoretical understanding of how sleep aids with relational memory would 95 

guide development of experiments, where these findings can be tested in vivo. 96 

 97 

Materials and Methods 98 

Thalamocortical network model 99 

Network architecture 100 

The base thalamocortical network used in this new study has been described in our other 101 

works (Wei et al. 2018; Wei, Krishnan, and Bazhenov 2016; Krishnan et al. 2016; González et al. 102 

2020). The network was composed of two connected populations of neurons: thalamic and 103 

cortical. Different from previous work, we constructed two layers (functional regions) for both 104 

the thalamic and cortical components of the network and we did not rely on local connectivity 105 

but rather random connectivity between neurons. The thalamic part of the network was broken 106 

down into two populations and contained total 60 excitatory thalamocortical relay neurons (TC 107 

cells) and 60 inhibitory reticular neurons (RE cells). Layer 1 contained 40 TC neurons and 40 RE 108 

neurons, whereas layer 2 contained 20 TC and RE neurons. The cortical part of the network was 109 

also broken down into two layers, representing two functionally different cortical areas. In layer 110 

1 (representing primary visual cortex), there were 200 excitatory pyramidal neurons (PY cells) 111 

and 40 inhibitory interneurons (IN cells). In layer 2 (representing associative cortex) there were 112 

100 PY neurons and 20 IN cells. Connectivity was random; excitatory connections were 113 

mediated by NMDA and AMPA connections, while inhibitory connections were mediated by 114 

GABAA and GABAB connections. All connections are summarized in Table 1 and described as 115 

follows. 116 
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To describe specific connections, starting in the thalamus, RE neurons received AMPA 117 

connections from TC  neurons and GABAA  connections from RE neurons as well as AMPA 118 

connections from PY neurons in associated cortical layer. AMPA synapses between TC and RE 119 

cells had connection probability 10% in layer 1 and 20% in layer 2. RE cells were connected to 120 

each other through GABAA synapses within the same layer with probability 6.25% in layer 1 and 121 

12.5% in layer 2. Finally, cortical PY neurons synapsed via AMPA connections onto RE cells 122 

with connection probability 10% and 20% in layers 1 and layer 2, respectively. TE cells received 123 

connections from RE cells through both GABAA and GABAB synapses, as well as AMPA 124 

connections from PY neurons in associated cortical layer. Each TC cell received a connection 125 

from an RE cell with a 10%, and 20% probability in layer 1 and layer 2, respectively. Each TC 126 

cell also received an AMPA synapse from cortical PY neurons, with connection probability 127 

12.5% and 25%, in layers 1 and layer 2, respectively. 128 

Table 1: Thalamocortical Network Connection Architecture 129 

Connection Type Synapse Type Connection Prob. (L1, L2) 
TC – RE AMPA 10%, 20% 
RE – TC GABAA, GABAB 10%, 20% 
RE – RE GABAA 6.25%, 12.5% 
PY – RE AMPA 10%, 20% 
PY – TC AMPA 12.5%, 25% 
TC – PY AMPA 10%, 20% 
PY(L1) – PY(L2) AMPA (plastic), NMDA 20% 
PY(L2) – PY(L2) AMPA (plastic), NMDA 50% 
PY(L2) – PY(L1) AMPA 25% 
IN – PY(L1) GABAA 2 connections 
IN – PY(L2) GABAA 13 connections 
PY(L1) – IN NMDA, AMPA 3.75%, 7.5% 
PY(L2) – IN NMDA, AMPA 5%, 10% 
TC - IN AMPA 5%, 50% 

In the cortex, PY neurons received non-plastic AMPA connections from TC cells, plastic 130 

and non-plastic AMPA connections from other PY neurons, and GABAA connections from IN 131 

neurons in the same cortical layer. The TC cells in layer 1 connected to PY neurons in layer 1 of 132 
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cortex with a connection probability of 10%. In layer 2, this connection probability was 133 

increased to 20%. Thus, considering size difference between layer 1 and 2, each PY neuron 134 

received about the same number of TC inputs. In layer 1 of cortex, each PY neuron received 135 

feedback connections from layer 2 PY neurons with a connection probability of 25%. In 136 

addition, each layer 1 PY neuron received two inhibitory GABAA connections from IN neurons 137 

in layer 1 of cortex. In layer 2, each neuron received a feedforward plastic AMPA connection 138 

from a layer 1 PY neurons with probability 20%, and a recurrent plastic AMPA connection from 139 

layer 2 PY neurons with probability 50%. Each plastic AMPA connection in cortex was also 140 

accompanied by a non-plastic NMDA excitatory synapse. In addition, layer 2 PY neurons 141 

received 13 GABAA connections from local INs.  142 

Finally, each IN received non-plastic AMPA connections from TC cells in thalamus, with 143 

connection probability 3.75% in layer 1 and 7.5% in layer 2. In addition, all INs received non-144 

plastic NMDA and AMPA synapses from PY neurons in both layer 1 and layer 2 of cortex. Layer 145 

1 PY to layer 1 and layer 2 INs AMPA and NMDA connections occurred with a probability of 146 

5% and 10%, respectively. Layer 2 PY to layer 1 and layer 2 INs AMPA and NMDA connections 147 

occurred with a probability of 5% and 50%, respectively. Note that the latter 50% connections 148 

were much weaker than other connections. 149 

Wake-sleep transition 150 

The transition between wake and sleep was modelled after previous work which 151 

describes the role of neuromodulators - acetylcholine (ACh), histamine (HA), and GABA  - 152 

during the sleep and waking state needed to observe sleep rhythms canonical of slow-wave sleep 153 

(Krishnan et al. 2016). ACh modulated potassium leak currents in all neuron types and excitatory 154 

AMPA connections within cortex. HA modulated the strength of the hyperpolarization-activated 155 
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mixed cation current in TC neurons and GABA modulated the strength of inhibitory GABAergic 156 

synapses in both thalamus and cortex. The levels of ACh and HA were reduced during stage 3 157 

(N3) slow-wave sleep (SWS) while GABA levels were increased compare to awake state. The 158 

exact levels of each neuromodulator were chosen by conducting a parameter sweep and 159 

observing which parameters resulted in the appearance of canonical slow waves. In addition, to 160 

simulate stage 2 (N2) sleep characterized by spindles, neuromodulation parameters were 161 

determined by parameter sweep looking for the local field potential (LFP) power in the 162 

spindle frequency band (7-16 Hz in our study). Parameters for N2 sleep were intermediate 163 

between waking and N3 states. 164 

Intrinsic currents 165 

All neurons were modelled with Hodgkin-Huxley kinetics and equations can be found in 166 

previous works (Wei et al. 2018; González et al. 2020).  In cortex, PY and IN neurons possessed 167 

dendritic and axo-somatic compartments (Wei et al. 2018). Membrane potential dynamics were 168 

modeled by the following dynamical equations: 169 

𝐶 𝑑𝑉𝑑𝑡 =  −𝐼 − 𝐼 − 𝐼 − 𝐼 − 𝐴𝐶ℎ 𝐼 − 𝐼 − 𝐼 − 𝑔(𝑉 − 𝑉 ) − 𝐼 , 
𝑔(𝑉 − 𝑉 ) = −𝐼 − 𝐼 − 𝐼 ,  170 

where 𝐶  is membrane capacitance, 𝑉  and 𝑉  are the dendritic or axo-somatic membrane 171 

voltages, respectively, 𝐼  is the fast sodium (Na+) current, 𝐼 is the persistent sodium current, 172 𝐼  is the slow voltage-dependent non-inactivating potassium (K+) current, 𝐼  is the slow 173 

calcium (Ca2+)-dependent K+ current, 𝐴𝐶ℎ  is the change in K+ leak current 𝐼  which depends 174 

on the level of acetylcholine (ACh) which changes during wake and sleep states, 𝐼  is the 175 

high-threshold Ca2+ current, 𝐼  is the chloride (Cl-) leak current, g is the conductance between 176 

dendritic and axo-somatic compartments, and 𝐼  is the synaptic current input to the neuron (as 177 

described in the next section). INs contained all the above intrinsic currents with except of the 178 
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persistent sodium current. All intrinsic ionic currents (𝐼 ) were modeled based on Hodgkin-179 

Huxley (Hodgkin and Huxley 1952) equations as follows: 180 

𝐼 = 𝑔 𝑚 ℎ 𝑉 − 𝐸 , 181 

where 𝑔  is the maximal conductance, 𝑚 (activation) and ℎ (inactivation) are the gating 182 

variables, 𝑉 is the voltage of the compartment, and 𝐸  is the reversal potential of the current. 183 

Gating variable dynamics were described as follows: 184 𝑑𝑥𝑑𝑡 = − 𝑥 − 𝑥𝜏  , 
𝜏 = (1 (𝛼 + 𝛽 )⁄ )𝑄 , 

𝑥 = 𝛼(𝛼 + 𝛽 ), 
where = 𝑚  or ℎ , 𝜏  is the time constant, 𝑄  is the temperature related term, 𝑄 =185  𝑄(( )/ ) = 2.9529, with 𝑄 = 2.3 and 𝑇 = 36. 186 

In the thalamus region of the model, TC and RE neurons were modeled by single 187 

compartment neurons with the following dynamical equation: 188 

𝐶 𝑑𝑉𝑑𝑡 =  −𝐼 − 𝐼 − 𝐴𝐶ℎ 𝐼 − 𝐼 − 𝐼 − 𝐼 − 𝐼 , 
where 𝐼  is the fast Na+ current, 𝐼  is the fast K+ current, 𝐼  is the K+ leak current, 𝐼  is 189 

the low-threshold Ca2+ current, 𝐼  is the hyperpolarization-activated mixed cation current, 𝐼  is 190 

the Cl- leak current, and 𝐼  is the total synaptic current input to the neurons (described in next 191 

section). The hyperpolarization-activated mixed cation current 𝐼  was not expressed in RE 192 

neurons. In addition, histamine (HA) exerted its influence on 𝐼  in TC cells by shifting the 193 

activation curve of 𝐻𝐴  as described by: 194 
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𝑚 = 11 + 𝑒𝑥𝑝 𝑉 + 75 + 𝐻𝐴5.5  . 
Our previous work gives a more detailed description of the individual currents (Krishnan et al. 195 

2016; Wei et al. 2018). 196 

Synaptic currents and spike-timing dependent plasticity (STDP) 197 

Here, we describe the synaptic currents which were composed of AMPA, NMDA, 198 

GABAA, and GABAB synapses as well as the STDP rules (see Krishnan et al., 2016; Wei et al., 199 

2018 for more details on the specific synaptic currents). The effect of acetylcholine on AMPA 200 

and GABAA synaptic currents was described by the following equations:  201 

𝐼 =  𝐴𝐶ℎ  𝑔  𝑂 𝑉 − 𝐸 , 
𝐼 =  𝛾  𝑔  𝑂 𝑉 − 𝐸 , 

where 𝑔  is the maximal conductance, 𝑂  is the fraction of open channels, and 𝐸  is the 202 

reversal potential of the channel (EGABA-A = -70 mV, EAMPA = 0 mV, and ENMDA = 0 mv). 203 𝐴𝐶ℎ  describes the influence of acetylcholine levels on AMPA synaptic currents for PY-PY, 204 

TC-PY, and TC-IN connections. 𝛾  modulated the GABA synaptic currents for inhibitory 205 

IN-PY, RE-RE, and RE-TC connections. These values were changed between sleep and wake 206 

states. The influence of GABA was increased during sleep so that 𝛾  was increased, 207 

whereas ACh was decreased during sleep so that 𝐴𝐶ℎ  was reduced. During stage 3 (N3) 208 

sleep, the model generated periodic transitions between Up and Down states. As in our previous 209 

studies, Down-to-Up transitions were mediated by spontaneous miniature excitatory transmitter 210 

release from PY-PY and PY-IN synapses, while Up-to-Down transitions depended on synaptic 211 

depression and intrinsic current, such as IK(Ca) (I. Timofeev et al. 2000).  212 
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 Spike-timing dependent plasticity (STDP) controlled long-term potentiation and 213 

depression of synaptic weights between PY neurons. The change in the synaptic strength (gAMPA) 214 

and amplitude of miniature EPSPs (AmEPSP) were described previously (Wei et al. 2018):  215 𝑔  ← 𝑔 + 𝑔  𝐹(∆𝑡), 𝐴  ← 𝐴 + 𝑓𝐴  𝐹(∆𝑡), 
where 𝑔  is the maximal conductance of 𝑔 , and f=0.01 represents the lower effect of 216 

STDP on 𝐴  as compared to 𝑔 ; F represents the STDP function and depends on the 217 

relative timing of pre- and post-synaptic spikes as defined by: 218 

𝐹(Δ𝑡) = 𝐴  𝑒 | |/ , 𝑖𝑓 Δ𝑡 > 0−𝐴  𝑒 | |/ , 𝑖𝑓 Δ𝑡 < 0  
where  𝐴 ,  set the maximum amplitude of synaptic change (𝐴 , = 0.002, 𝜏 , = 20ms). A-, 219 

the synaptic depotentiation term, was reduced to 0.001 during training to reflect the effect of 220 

acetylcholine during focused learning (Sugisaki et al. 2016). 221 

Heterosynaptic plasticity 222 

Heterosynaptic plasticity was implemented in some simulations. To mimic heterosynaptic 223 

plasticity properties observed in vivo (Chistiakova et al. 2014; Volgushev et al. 2016), after each 224 

STDP event in which a synaptic weight was modified, we also modified the weights of 225 

remaining synapses into the same neuron to hold the total synaptic input per neuron constant. 226 

Thus, if 𝑠 =  ∑ 𝑤  is the total synaptic input to neuron i from neurons j = 1:n, then this 227 

quantity was maintained constant throughout the simulation. Thus, any increase of a single 228 

synaptic weight would result in a corresponding decrease of the other weights connecting to the 229 

same neuron i. To implement this property, we computed the total synaptic input for each neuron 230 

i after supervised training was completed. Then, during associative training, after each STDP 231 

event, the new conductances for all pre-synaptic neurons j were computed by setting 𝑤 = 𝑤 ∗232 
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𝑠 /𝑠 , where 𝑠  is the synaptic input to neuron i after supervised training 233 

and 𝑠  is the current total synaptic input to neuron i at time t of the STDP event.  234 

Memory training and testing 235 

 Training and testing of associative memories was modelled after behavioral works 236 

(Hiuyan Lau, Tucker, and Fishbein 2010). After creating a two-layer cortical architecture, we 237 

selected the groups of neurons in each layer that correspond to each stimulus. Neuron IDs were 238 

mapped to a stimulus label as shown in Table 2. The first training phase was the supervised 239 

learning. Here, an individual item was stimulated in layer 1 followed, with 5 ms delay, 240 

stimulation of that item in layer 2. This phase created a feedforward pathway through the 241 

network that represents an individual stimulus. Each feedforward pathway stimulation (e.g., A-242 

A’) included 40 trials with a 500ms gap between trials. The total length of supervised training 243 

was therefore 120 seconds for all 6 feedforward pathways.  244 

Following supervised training, we implemented an unsupervised associative training 245 

phase, where pairs of stimuli were presented simultaneously. This occurred by stimulating pairs 246 

of input items together (e.g., A+B, B+C, etc) in layer 1. These pairs of items were stimulated 247 

sequentially every 500 ms with a 2 second gap between same-pair stimulations. The exact 248 

duration of associative training varied by experiment, but if associative training time was 249 

135s/pair, then each pair was stimulated 270 times. 250 

 Finally, there was a sleep phase. During sleep, the levels of neuromodulators were 251 

changed to induce spindles (N2) or slow oscillations (N3) and there was no external stimulation 252 

provided. Each sleep phase was followed by a testing phase, where each of the six groups was 253 

stimulated in layer 1, and the response of layer 2 neurons was measured. Stimulation was 254 

provided every 500 ms and each group was stimulated eight times. Performance was measured 255 
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as the network’s ability to recall both the direct and indirect associated item (e.g., upon 256 

stimulation of A, can the network recall both B’ and C’?). In Figure 9B, we performed additional 257 

tests where groups A, C, X, and Z were stimulated and neuron groups B’ and Y’ were 258 

hyperpolarized to prevent activation. In another experiments, we hyperpolarized neurons from 259 

linking groups B/B’ and Y/Y’ during sleep to simulate experiments with optogenetic inactivation. 260 

Table 2: Neuron Indices in Cortical Architecture 261 

 262 

Experimental Design and Statistical Analyses 263 

All analyses were performed within standard Python functions and libraries. Data are presented 264 

as mean and standard deviation unless otherwise stated. Each experiment was repeated with 10 265 

network stimulations from different network initializations and random seeds for purposes of 266 

statistical analyses, using standard two-sided or one-sided T-tests. 267 

Relational memory performance metrics 268 

Here, we describe the association matrices shown in Figure 3 as well as the conversion from 269 

these matrices to an association score. To build an association matrix, individual neuronal groups 270 

were stimulated in layer 1 (e.g., item A was stimulated), and we measured the number of spikes 271 

in each of the six layer 2 groups (A’, B’, C’, X’, Y’, Z’). This number was averaged over the 10 272 

different (initialization) network simulations and 8 testing trials within each network simulation. 273 

We only considered spikes that occur within 150ms of stimulation to the layer 1 groups. To 274 

Neuron Groups Layer One Region Layer Two Region 
A,A’ Neurons 10-29 10-19 (Neurons 210-219) 
B,B’ Neurons 40-59 20-29 (Neurons 220-229) 
C,C’ Neurons 70-89 30-39 (Neurons 230-239) 
X,X’ Neurons 110-129 50-59 (Neurons 250-259) 
Y,Y’ Neurons 140-159 60-69 (Neurons 260-269) 
Z,Z’ Neurons 170-189 70-79 (Neurons 270-279) 
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compute an association score based on the association matrix, we built a binary 6x6 mask with 275 

1’s in the upper left and lower right 3x3 grids and -1’s everywhere else. This mask depicts what 276 

an ideal associative matrix should look like, where activity in the upper left and lower right grids 277 

is acceptable and activity in the upper right and lower left grids is spurious. After element-wise 278 

multiplication of the mask and the associative matrix, the resultant matrix was summed up across 279 

both rows and columns. To normalize this final score, we divided the final sum by the maximum 280 

element in the association matrix multiplied by 18 (here, 18 is the number of elements that 281 

should be positive, e.g. number of groups * number of items in each group, or 6*3, where 6 is 282 

number of groups (A-B-C, X-Y-Z) and 3 is number of items in each group). The final number 283 

was on a scale from -1 to 1, where a score of -1 occurs when the association matrix is the 284 

opposite of what it should be after successful learning (e.g., stimulating group A activates X’, Y’, 285 

and Z’), an association score of 0 is true for a random matrix, and an association score of 1 286 

indicates perfect performance on the task (e.g., stimulating group A equally stimulates A’, B’, 287 

C’). 288 

Latency and rate analysis 289 

 In Figure 4, we show the spiking rates and latency of neurons in layer 2. To compute the 290 

latency of response, after applying a pulse of stimulation during testing, we analyzed the next 291 

200 ms window of activity in layer 2. The latency, for each layer 2 neuron,  was determined by 292 

taking the time of activation of a neuron in layer 2 and subtracting the time of stimulation in 293 

layer 1. If a neuron does not spike in the 200ms time window, its latency was ignored from the 294 

computation. The firing rate was computed by calculating the total number of spikes that occur 295 

in the 200 ms window. We considered four different types of memories: direct memories (e.g., 296 

activation of neuron group A’/C’ when B’ is stimulated), indirect memories (e.g., activation of 297 
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neuron group A’/C’ when C/A is stimulated, respectively) and incorrect memories (e.g., 298 

activation of neuron group X’/Z’ when A is stimulated). For each type of memory, latencies and 299 

rates were averaged across all pairs of that type (e.g., direct memories = A-B’, B-A’, B-C’, 300 

indirect memories = A-C’, C-A’, incorrect memories = A-X’, A-Z’, C-X’, C-Z’  for the ABC 301 

triplet). We should note that this metric likely overestimated latency for the incorrect memories, 302 

since it did not consider the fact that if a neuron does not fire, its latency is ignored from the 303 

computation. Thus, e.g., if only one incorrect neuron fired with a latency of <50 ms, then the 304 

average latency would in fact be <50 ms. This was rarely the case but nevertheless the drop in 305 

latency of the incorrect memories was likely due to this phenomenon since the rate of firing (3 306 

spikes/stimulation) is quite low already. 307 

Weight analysis 308 

In Figure 5 and 6A-D, we explored the synaptic connectivity matrices. Figure 5 was 309 

obtained by recording the synaptic weights between neurons for each type of connection 310 

(feedforward or recurrent). To evaluate the synaptic input to each neuron i, we computed the 311 

following equation: 𝑠 =  ∑𝑤 , where j is any neuron that meets the criteria (e.g., direct, 312 

indirect, or incorrect memories) and 𝑤  is the weight connecting form neuron j to neuron i. If a 313 

synapse does not exist between two neurons i and j, then the weight is ignored. In Figures 6A-D, 314 

we built a graph of all neurons in layer 2. A node in the graph depicts 10 individual neurons from 315 

layer 2. An edge was created between nodes, if there existed a weight that exceeds 80% of the 316 

maximum weight value at that given time point. For example, if the maximum weight at time t is 317 𝑊  , then  the threshold is defined as 𝑊 = 0.8 ∗ 𝑊 . For any weight, in the weight matrix, 318 

an edge was created between two nodes if there existed a weight value that exceeds the value 319 𝑊  and the thickness of the edge depicts how many such weights meet the criteria.  320 
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Modularity analysis 321 

Community detection algorithm was used to describe brain network changes during task 322 

learning (Bassett et al. 2015; Alexander-Bloch et al. 2010; Mucha et al. 2010). Modularity refers 323 

to the formation of cliques in a network, or series of intra-connected nodes with limited 324 

connections to other cliques (Alexander-Bloch et al. 2010). Time-dependent communities can be 325 

analyzed by measuring the structure of multi-slice networks, which can be thought of as a 326 

combination of individual networks that are composed of nodes that are linked in time to past 327 

and future versions of that network (Mucha et al. 2010). To perform community detection 328 

(Figures 6E-F), we used existing community detection algorithm (Jeub et al. 2020). First, the 329 

Leicht-Newman modularity matrix for ordered and directed layers was computed (Leicht and 330 

Newman 2008). This algorithm finds a partition that maximizes the modularity of the matrix. 331 

After this partition was computed, the generalized Louvain method for community detection was 332 

applied (Jeub et al. 2020; De Meo et al. 2011). As a result of applying these algorithms, a 333 

network partition and community assignment graph was returned as a function of time. The 334 

algorithms aim to find a community assignment partition that maximizes the resulting modularity 335 

of the network. Two parameters were tuned to aid in this process: the coupling between temporal 336 

layers (𝜔 = 1.0) and the intra-layer resolution (𝛾 = 1.75).  337 

Replay analysis 338 

To analyze memory replay, we adopted a method from (González et al. 2020). First, the 339 

LFP during sleep was computed by evaluating the average membrane potential across all 340 

pyramidal neurons in the cortex. A threshold for crossing from Up to Down state and vice versa 341 

of the slow oscillations was computed by taking the resting membrane potential (-63 mV) and 342 

subtracting the mean sleep membrane potential. After the threshold was computed, we filtered 343 
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the LFP using a 2nd-order Butterworth filter with a Nyquist frequency of 500 Hz and passband 344 

and stopband frequencies of 0 and 3 Hz, respectively. Next, we applied the threshold to find the 345 

Up to Down state and Down to Up state transition times.  Activity above the threshold was 346 

denoted as an Up state.  347 

Once the Up and Down states were identified, we analyzed the activity within each 348 

individual Up state to calculate replay events. A spiking event was considered a replay event 349 

when a pre-synaptic and a post-synaptic neuron fired within a given time window (<200 ms). 350 

The order of firing (pre-post, or post-pre) was used to determine the direction of replay and to 351 

compute a directional graph between neurons, where each edge stores the number of replay 352 

events going in that direction (see (González et al. 2020) for details).  353 

 354 

Results 355 

Thalamocortical model of relational memory. 356 

In this work, we used a minimal thalamocortical network model to test the role of sleep in 357 

learning an unordered relational memory task (Figure 1A-B). Cortex was modelled with a 358 

network consisting of two layers, each representing a distinct functional area of the cortex, and 359 

each including excitatory pyramidal (PY) cells and inhibitory interneurons (INs). A two-layer 360 

cortical model was motivated by visual associative learning in the primate brain. Prior work 361 

suggests that associations are learned by recurrent synaptic connections in the parietal associative 362 

cortex (Bjekić et al. 2019; Fitzgerald, Freedman, and Assad 2011; Fitzgerald et al. 2013; Aminoff 363 

and Tarr 2015). This area of cortex receives input from primary visual cortex (Galetti et al., 2001 364 

Eur. J. Neuro.), which shows a mostly stereotyped response upon presentation of visual stimuli 365 

(Deitch et al., 2021). Thus, we constructed our model with two populations of cortical neurons 366 
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(which we call layers here, when we refer to the model): the first representing visual cortex with 367 

a mostly stereotyped population response to specific stimuli, and the second representing 368 

associative cortex, with recurrent connectivity to promote associative memory learning. 369 

Thalamus was modelled by two populations of neurons, each including excitatory 370 

thalamocortical (TC) neurons and inhibitory reticular (RE) neurons, with bidirectional 371 

connections to its respective cortical areas (see Methods for details). Indeed, neuroanatomical 372 

studies suggest that different subdivisions of thalamus project to different areas of cortex, with 373 

primary areas of thalamus such as LGN projecting bi-directionally to primary visual cortex 374 

(Briggs et al., 2007), and other subdivisions, such as the lateral posterior nucleus, connecting bi-375 

directionally to parietal cortex (Lyamzin et al., 2019 Neurosci. Research). All neurons were 376 

simulated with Hodgkin-Huxley dynamics and are based upon previous work (Wei et al. 2018; 377 

Wei, Krishnan, and Bazhenov 2016; Krishnan et al. 2016). 378 

Using this model, we were able to simulate three distinct states of the network – awake,  379 

stage 2 (N2) sleep and stage 3 (N3) sleep – by changing the level of neuromodulators (Krishnan 380 

et al. 2016; Vanini, Lydic, and Baghdoyan 2012). Awake state was characterized by random 381 

asynchronous firing of cortical neurons, N2 sleep was characterized by spindles with occasional 382 

Down states, and N3 sleep (or slow-wave sleep (SWS)) was characterized by canonical slow 383 

oscillations between Up (active) and Down (silent) states (Blake and Gerard 1937; Steriade 384 

2006; Steriade, McCormick, and Sejnowski 1993) (Figure 1B, C, see also Figure 8A). The 385 

thalamic component of the network primarily served the function of driving and modulating 386 

oscillations during sleep, specifically to increase synchrony of sleep slow oscillations in N3 387 

(Lemieux et al. 2014) and to generate spindles in N2, while learning-related plasticity occurred 388 

in the cortical neuronal populations. Synaptic plasticity was implemented in AMPA receptors, 389 
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occurring in feedforward connections between layer 1 and layer 2 cortical pyramidal cell 390 

populations, as well as recurrent connections between layer 2 pyramidal neurons (Figure 1F) (see 391 

Methods for details).  392 

 To test relational memory in the model, we built two triplets of relational memory items 393 

(ABC, XYZ). During associative training, each of the four direct object pairs (A-B, B-C, X-Y, Y-394 

Z) was presented to the network, as described below (Figure 1A, left). During testing, a single 395 

item from each pair was presented (e.g., item A) and the ability of the network to recall each of 396 

the relevant associative items (items B and C) was measured (Figure 1A, right). Each of the six 397 

distinct items (A, B, C, X, Y, Z, Figure 1F) were represented by distinct groups of neurons in the 398 

first layer of the network.  399 

Training and testing stimulation protocol. 400 

The network stimulation included three distinct phases: supervising training, associative 401 

training, and sleep (Figure 2A). The first phase in training was to build connections between 402 

neurons representing item A in the first layer (neuron group A) and “higher level” neurons 403 

representing the item in the second layer (neuron group A’) (Figure 2B). Since all connections in 404 

the model were initially random, before training there were equal connections from neuron group 405 

A to all the neuron groups in the second layer (A’-Z’). Thus, to create distinct pathways through 406 

the cortex that represent each of the six distinct items, we incorporated the supervised training 407 

phase. During supervised training, neuron group A was stimulated and then neuron group A’ in 408 

the second layer was stimulated with a 5 ms time delay. Through spike-timing dependent 409 

plasticity (STDP), this stimulation paradigm strengthened feedforward connections between A 410 

and A’ and led to the formation of a pathway through the network representing each of the six 411 

distinct items. After supervised training, there was a testing phase where each of the six neuron 412 
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groups in layer 1 was stimulated and the activity of neurons in associative layer 2 was measured. 413 

During testing, plasticity was turned off so spiking activity did not lead to STDP events. 414 

Following supervised training, we simulated associative learning phase. Items A+B, 415 

B+C, X+Y, Y+Z were presented simultaneously to the network by stimulating groups A and B 416 

together or B and C together, etc. (Figure 2C). Because of the preceding supervised training, 417 

neurons in the second layer responded to the stimulation in the first layer, such that, e.g., when 418 

neuron groups A and B were stimulated, neuron groups A’ and B’ fired without any direct 419 

stimulation. After a period of associative training, there was another testing phase. 420 

During the associative training phase, we also tested two plasticity schemes: In the first 421 

scheme, STDP was used as a sole learning rule to increase synaptic connectivity between 422 

neurons with correlated firing activity and decrease synaptic connectivity between those neurons 423 

with uncorrelated firing activity. In the second scheme, STDP was used along with hetero-424 

synaptic plasticity (Chen et al. 2013; Chistiakova et al. 2014). Heterosynaptic plasticity can 425 

induce plastic changes at synapses that are not active during the induction. It has been postulated 426 

since early theoretical studies which used normalization to prevent runaway dynamics of 427 

synaptic weights and introduce synaptic competition to the model systems with Hebbian-type 428 

learning (von der Malsburg 1973; Miller 1996). Any synapse to a cell may express 429 

heterosynaptic changes after episodes of strong postsynaptic activity leading to a sufficient rise 430 

of intracellular calcium (reviewed in (Chistiakova et al. 2014; 2015)). Thus in the model 431 

including heterosynaptic plasticity, after each STDP event, individual weights connecting to a 432 

neuron were modified so that the total sum of synaptic inputs to the neuron remained constant. 433 

This served to balance excitation in the network and prevent runaway networks dynamics by 434 

ensuring that the overall level of excitation remains constant during learning. Below we report 435 
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results for each of these conditions and we discuss later possible implications of heterosynaptic 436 

plasticity in associative learning. 437 

Finally, we simulated sleep  phase (Figure 2D). Based on experimental data, the 438 

improvement of indirect relational memory following sleep is most correlated with slow-wave 439 

sleep (SWS) (Tucker, Fishbein, and Lau 2010) and thus we primarily focused on testing the 440 

effect of SWS on relational memory (differential role of spindles is discussed later in the paper). 441 

We need to mention that we did not explicitly model hippocampus and associated ripple events; 442 

instead, we assumed that coactivation of the cortical neurons (e.g., A+B) may be result of direct 443 

sensory input or hippocampal input (as postulated by ‘indexing’ theory (Teyler and DiScenna 444 

1986)). Following SWS, there was another testing phase. Overall, based on behavioral work, we 445 

tested the hypothesis that following sleep, the presentation of item A in the first layer will lead to 446 

a greater co-activation in neuron groups A’ and C’, i.e., association between items A and C would 447 

form, when compared with the same group activation before sleep.  448 

Sleep improves associative memory performance both with and without 449 

heterosynaptic plasticity. 450 

In Figure 3A, the strength of response in the layer 2 neuronal subgroups (A’-Z’) is shown 451 

in response to stimulation of each of the six layer 1 neuronal subgroups (A-Z) in the first cortical 452 

layer. After supervised training, stimulation of a single group in layer 1 (e.g. group A) led to 453 

activity in its corresponding neuronal subgroup in layer 2 (group A’). Spurious activity in other 454 

layer 2 groups was usually minimal and based off the random connectivity matrix, where some 455 

groups may be connected (based on number of connections) more strongly than other groups 456 

(Figure 3A, left), (See Methods and materials for computing activity).  457 
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After associative training, an increase in direct relational memory was observed. Here, 458 

stimulation of a neuron group A led to activity in neuron groups A’ and B’, indicating that the 459 

network has learned to make direct associations between objects A and B. Stimulation of the 460 

linking item (e.g. B or Y) led to activity in all three of the items in the corresponding triplet (A’, 461 

B’, C’ or X’, Y’, Z’). However, most notable is that stimulating A or C alone did not lead to a 462 

strong response in the indirect relational item, C’ or A’, respectively (Figure 3A, middle). After 463 

sleep phase, this indirect relational memory was significantly strengthened, as stimulation of A or 464 

C (X or Z), led to a stronger response in the indirect relational item, C’ or  A’ (Z’ or X’), 465 

respectively (Figure 3A, right).  466 

To quantify the changes in the association matrices, we used a measure of how 467 

“diagonal” the matrix is in respect to four main 3x3 blocks, which evaluated the extent to which 468 

the matrix shows strong responses in the upper left and lower right 3x3 blocks, and low 469 

responses in the top right and bottom left 3x3 blocks (see Methods and Materials). (This measure 470 

would be zero for uniform matrix; +1 for a matrix with the top left and bottom right 3x3 blocks 471 

all having the same values, with zero activity in the top right and bottom left 3x3 blocks; and -1 472 

for the opposite case (activity in top right and bottom left blocks)). We found that sleep leads to a 473 

significant improvement in relational memory, based on simulating ten random different network 474 

configurations (Figure 3B, p=0.0062, t(9)=3.55, between relational memory after sleep and after 475 

associative training, based on a two-sided t-test). 476 

The extent of improvement after sleep was determined by two factors: the length of 477 

associative training and length of sleep. We observed that if associative training was long, then 478 

indirect associations can be learned without sleep (Figure 3E, 50 seconds). However, when 479 

associative training was shorter, then sleep had a beneficial impact on improving relational 480 
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memory (Figure 3E, 20, 35 seconds). Given the model with no homeostatic mechanisms built in 481 

to constrain synaptic weights, it was observed that long training or long sleep periods could lead 482 

to runaway network dynamics, where stimulating a single neuronal group in layer one leads to 483 

activity across many neurons of the second layer, thus lowering overall response specificity and 484 

performance.  485 

Given the negative impact of the runaway network dynamics, we next explored the use of 486 

biologically realistic heterosynaptic plasticity mechanism to constrain synaptic weights. Thus, 487 

during associative training, heterosynaptic plasticity was put in place, such that the total sum of 488 

synaptic inputs to any neuron was conserved over time. In this model, any event that leads to 489 

synaptic potentiation between neurons would also lead to a corresponding depotentiation of other 490 

connections to the same neuron to keep net sum of all input weights constant (see Methods and 491 

Materials for details). In the model with heterosynaptic plasticity, we observed less spurious 492 

activity after associative training (Figure 3C, middle). In addition, activation of the indirect 493 

memory after associative training was almost non-existent. Importantly, after sleep, the activity 494 

in the indirect memory items was strong, with very little activity in neurons representing non-495 

associated items (Figure 3C, right). Here, improvement after sleep was strongly significant 496 

(Figure 3D, p=3.78 x 10^-6, t(9) = 13.04, based on two-sided T-test). This suggests that, for SWS 497 

to have a beneficial impact on the network’s ability to recall indirectly associated items, the 498 

weights before sleep must be sufficiently separated but not too strong overall, as it was when 499 

heterosynaptic plasticity was applied during associative training. In general, the best 500 

performance was observed when sleep was incorporated into the network (Figure 3F). Increasing 501 

the training time beyond a certain duration did not always increase the baseline performance; 502 

however, sleep applied even after long associative training could still further improve 503 
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performance. We tested how associative memory performance depends on the total number of 504 

slow waves and we found a significant positive correlation in a broad range of sleep durations 505 

(Fig. 3G). This result is in agreement with previous experimental work that found a significant 506 

correlation between the SWS length and relational memory learning (Tucker, Fishbein, and Lau 507 

2010). Interestingly, very long sleep could have the opposite effect and reduce performance (see, 508 

e.g., Tsleep=700sec), suggesting the existence of an optimal sleep duration that could also depend 509 

on the duration of preceding training sessions. For further analyses, we used the heterosynaptic 510 

plasticity condition with Tsleep = 300 seconds and Ttrain = 135 seconds. 511 

Synaptic plasticity may also occur between cortical pyramidal cells and interneurons, as 512 

well as between thalamus and neocortex. Although we did not explicitly incorporate these types 513 

of plasticity in our model, we tested effect of changes in the balance of excitation and inhibition 514 

on post-sleep memory performance. Thus, we modified the level of inhibition in the network by 515 

setting it to +/- 10% of the baseline value. We found no significant difference in the associative 516 

score after sleep (t(10) = -0.8, p = 0.4, one-sided t-test). After associative training performance 517 

was relatively higher in the network with reduced baseline inhibition (t(10) = 2.4, p= 0.02, one-518 

sided t-test). In this case, there was still a significant post-sleep improvement (t(10) = -4.96, p = 519 

0.0001). The network with increased inhibition revealed slightly reduced performance right after 520 

associative training but relatively higher gain after sleep.  521 

Sleep increases amplitude and decreases latency of indirect memory response. 522 

 Since sleep increases the association score, we next asked if sleep can improve the 523 

latency of group activation by reducing time delay between responses of stimulated and 524 

indirectly recalled groups. To test this, we analyzed the raw neuronal traces after supervising 525 

training, after associative training, and after sleep (Figure 4A-C). As mentioned before, 526 
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heterosynaptic plasticity was in place in all these simulations. During testing, each group (A-C, 527 

X-Z) was simulated eight times every 500 ms in layer 1 and the response in layer 2 was 528 

measured. We next converted these firing patterns into a local field potential (LFP) for each of 529 

the six groups of neurons in the second layer and averaged across eight simulations. Results are 530 

shown when X is stimulated in the first layer (Figure 4D). After supervised training, stimulating 531 

X led to a strong response in X’ (Figure 4D, left). After associative training, the strength of the 532 

response of Y’ was increased and there was a small, sustained response in Z’ (Figure 4D, 533 

middle). Finally, after sleep the response profiles of Y’ and Z’ nearly become overlapping, 534 

suggesting that the network has used its knowledge of an association between Z’ and Y’ to 535 

correctly infer the indirect association between Z’ and X’ (Figure 4D, right).  536 

 We measured response latency as a time delay from layer 1 stimulation to the first action 537 

potential in each layer 2 neuronal group’s response and we measured response intensity as total 538 

number of spikes per stimulation of each layer 2 neuronal group. After supervised training, the 539 

average latency of direct memories (A-B’, which have not been learned yet), indirect memories 540 

(A-C’), and incorrect memories (A-X’) were all similar at ~200ms (Figure 4E, left group). In 541 

addition, the rate of response was very low and similar across all 3 types of memories (Figure 4F, 542 

left group). After associative training, the latency of the direct memory recall was substantially 543 

reduced and the intensity of response was increased (Figure 4E-F, middle group). The latency 544 

and the response amplitude of the indirect memory were also improved, but the latency was not 545 

significantly different from that of response for incorrect memories, and the amplitude was not as 546 

strong as for direct memory. Importantly, after sleep, the latency of the indirect memory recall 547 

was significantly reduced compare to incorrect one (Figure 4E, right group, t(1163)=24.27, 548 

p=3.039x10^-100, two-sided T-test) and the intensity of response was significantly increased 549 
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(Figure 4F, right group, t(319) = -9.64, p=2.41x10-19). This behavioral change in the network 550 

response dynamics highlights the increase in strength of the indirect memory following SWS.  551 

Sleep increases modularity of each triplet in layer two recurrent connections.  552 

To determine which network changes were responsible for improving indirect relational 553 

memories after sleep, we analyzed the changes in synaptic weights. There were two types of 554 

plastic connections in the model: feedforward connections between layer 1 and layer 2, and 555 

recurrent connections within layer 2. In the feedforward connectivity matrices, we observed that 556 

sleep leads to a significant increase in the synaptic input coming from both indirect (Figure 5A, 557 

right, e.g. connection A to C’, t=-6.98, p=1.39 x 10-95, two-sided t-test) and direct neuronal 558 

groups (Figure 5A, right, e.g. connection A to B’, t=-5.66, p=5.29 x 10-79, two-sided t-test). 559 

Importantly, the incorrect memory weights (e.g., X to A’) were not significantly greater than their 560 

pre-training values (in fact they were smaller than their pre-training values, p < 1 x 10-100, one-561 

sided t-test), suggesting that sleep does not just increase all the connections but only connections 562 

related to associated memory items. In the recurrent weights (Figure 5B), a similar effect was 563 

observed where synaptic input from direct and indirect memory groups was significantly 564 

increased to specific neurons after sleep (p=6.18 x 10-62, p=7.67 x 10-88 for both groups (direct 565 

and indirect, respectively), two-sided t-test). Interestingly (also see discussion below), synaptic 566 

input from a neuronal group to its indirect triplet pair (e.g., A’ to C’) in the second layer became 567 

even larger than the synaptic input from an indirect group in the first layer (e.g., A to C’, p=0.02, 568 

two-sided t-test, average feedforward synaptic input=2.08, average recurrent synaptic 569 

input=2.75). 570 

To better quantify changes in the recurrent connections in layer 2, we built and analyzed a 571 

graph of 10 nodes, where each node represents a group of 10 neurons (i.e., group A’ = 11-20, 572 
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B’=21-30, …, Z’=71-80) (Figure 6, A-D). We created an edge between two groups if there were 573 

any strong enough weights (i.e., exceeding a threshold) between these groups (the weight 574 

threshold was set at 80% of the maximum weight value at different time points, e.g., threshold 575 

before training = 0.0218, threshold after supervised training = 0.1295, threshold after associative 576 

training = 0.1857, threshold after sleep = 0.1913). On the graph, the thickness of the edge depicts 577 

how many such weights existed between the two nodes. After supervised training, recurrent 578 

weights within trained groups (e.g., between all the neurons from group A’) increased, but 579 

weights between groups remained weak and the graph was essentially disconnected (Figure 6B). 580 

After associative training, relatively weak connections were formed between the linking group B’ 581 

(or Y’) and the other relevant groups, A’ and C’ (or X’ and Z’) (Figure 6C). In addition, the self-582 

connections (recurrent connections within a group) were magnified. Finally, after sleep, the 583 

overall connectivity between the group triplets was increased, with weak connections between 584 

direct memory pairs becoming stronger (e.g., X’-Y’) and new connections forming between 585 

indirect memories (e.g., X’-Z’) (Figure 6D). Overall, these changes suggest that items in each 586 

triplet (e.g., X’-Y’-Z’) becomes strongly connected to the other items in that triplet so that 587 

activation of any one group can lead to activation of the other groups. Thus, after sleep all the 588 

neurons in the second layer associated with the items belonging to the same relational memory 589 

triplet formed an attractor in synaptic weights space. 590 

To further test this idea, we performed modularity analysis on the time-dependent 591 

recurrent weight matrix to determine how clusters of neurons change over the course of training 592 

and sleep (see Methods and Materials for details). We used a time-dependent community 593 

detection algorithm in order to assign each of the 100 neurons in layer 2 to a community (where 594 

community assignment can change over time) based on the synaptic connectivity matrix (Leicht 595 



 

 
 

29

and Newman 2008; Jeub et al. 2020). Figure 6E illustrates how the community assignment 596 

changed during supervised training, associative training, and sleep. During supervised training, 597 

each of the 6 subgroups was put into a community with itself, as the neurons within these groups 598 

became strongly interconnected. During associative training, there was some mixing between 599 

these six subgroups, as observed, e.g., in the merging of communities representing Y’ and Z’ 600 

(orange group in Figure 6E). Finally, during sleep, we observed merging of each of the three 601 

subgroups from each triplet into larger community. We found that the number of communities in 602 

the network started out high but was further reduced mostly during associative training (Figure 603 

6F). Together, these results suggest that sleep altered the connectivity matrix to enable formation 604 

of a large community of related neurons who all shared similar stimulus-response profiles - 605 

formation of indirect memories. Thus, sleep altered the community structure by building a strong 606 

attractor among members of each of the memory triplets. 607 

Replay during sleep drives synaptic weight changes. 608 

Given that during sleep synaptic weights are restructured to support formation of indirect 609 

associative memory, the question remains of what it is specifically about sleep that leads to these 610 

changes. Based on our previous work (Wei, Krishnan, and Bazhenov 2016; González et al. 2020; 611 

Wei et al. 2018), we hypothesized that replay during sleep of synaptic traces formed during 612 

training leads to a strengthening of these synaptic traces and thus an improvement in memory 613 

(Lewis and Durrant 2011; Ji and Wilson 2007). Importantly, since in our model indirect 614 

connections, e.g., from A to C’ or A’ to C’, are never explicitly activated during training, these 615 

pathways may become active during SWS, which could explain the weight changes illustrated 616 

above.   617 
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To detect possible replay events, we applied a procedure previously proposed in 618 

(Gonzalez et al, 2020).  After detecting individual Up states (using LFP thresholding, see 619 

Methods, Figure 7A), we identified, for each Up state, all spiking events that could lead to STDP 620 

changes. Thus, if Neuron I fired during an Up state and this was followed by Neuron II firing 621 

(within a 200ms time window), then this pair was considered an STDP event and the direction of 622 

replay (from Neuron I to Neuron II) was recorded. We observed that the number of STDP events 623 

within the trained region of the network, both in feedforward and recurrent connections, was 624 

significantly greater than outside of the trained regions (Figure 7B, p<1e-5, for visualization 625 

purposes, only pairs with number of replay events above a threshold (top 75%) are shown). 626 

Importantly, we observed not just more STDP events randomly distributed across all the 627 

neuronal pairs in the trained region, but a higher number of events in specific neuronal pairs 628 

(Figure 7B, note red dots in the regions of interest), suggesting that those events reflect replay of 629 

the memory elements formed during associative training. In other words, during an Up state, 630 

there was a significantly higher chance that the neurons within the trained region would spike in 631 

a defined order compared to the neurons outside of the trained region, indicating that SWS does 632 

in fact reactivate synaptic memory traces learned during the associative phase. 633 

We next measured the extent to which replay is correlated with synaptic connectivity 634 

changes. Thus, we plotted observed synaptic weight change against the total number of replay 635 

events per neuronal pair and discovered a significant correlation between the number of replay 636 

events for a given connection and the amplitude of the weight change in this connection (Figure 637 

7C). This was true for both feedforward and recurrent connections (R^2=0.62, p=1 x 10-12 for 638 

feedforward and R^2=0.41, p=1 x 10-10 for recurrent connections). These data suggest that sleep 639 

replay can restructure weights to build the communities underlying relational memory formation 640 
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as reported in Figure 6. We next separated replay events based on the type of connection: either 641 

self-connection (e.g., A-A’, or A’-A’), direct connection (e.g., A-B’, A’-B’), indirect connection 642 

(e.g., A-C’, A’-C’), or incorrect connection (e.g., A-X’, A’-X’). In feedforward connections, we 643 

observed that self-connections had the largest number of replay events, followed by direct, 644 

indirect, and incorrect connections, in order (Figure 7D, top, number of replay events is averaged 645 

across ten trials and all the connections in each of the four categories). This suggests that in 646 

feedforward connections, replay reflects the underlying strength of the synaptic weights 647 

(compared Fig. 7D top and Fig. 5A). Since self-connections were the strongest (Figure 5A, t=-648 

3.99, p=6.72x10-5, two-sided t-test), these connections experienced the greatest number of replay 649 

events. However, in the recurrent connections, there was a greater amount of replay events in the 650 

indirect connections (Figure 7D, bottom, t=2.72, p =0.006, two-sided t-test). This type of replay 651 

can lead to the formation of the communities (Figure 6), responsible for formation of indirect 652 

associative memories.  653 

N3 sleep is uniquely responsible for post-sleep improvement although spindle-slow-654 

wave nesting may be important. 655 

 Behavioral studies suggest that duration of N3 sleep, but not N2 sleep, during a daytime 656 

nap is significantly correlated with associative memory performance (Tucker, Fishbein, and Lau 657 

2010). We tested the effect of N2 sleep by modifying level of neuromodulators in the model, that 658 

was set in between their waking and N3 state levels (Krishnan et al. 2016). In this regime, the 659 

network generated frequent spindle events interrupted by occasional slow waves (Figure 8A). We 660 

compared four conditions: 300s of N3 sleep alone (control, as in above simulations), 300s of N2 661 

sleep alone, 600s of N2 sleep alone, and 300s of mixed sleep (200s of N2 followed by 100s of 662 

N3). We found that N2 sleep alone was not sufficient to significantly boost associative memory 663 
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performance, for either 300s or 600s of N2 sleep duration (t(9) = -1.56, p = 0.13, one-sided t-664 

test) (Figure 8B, left). However, either 300s of N3 sleep or mixed N3+N2 sleep did result in a 665 

significant improvement (t(9) = -2.39, p = 0.028, one-sided t-test) (Figure 8B, right). These 666 

results confirm behavioral evidence showing a unique role for N3 sleep, as opposed to N2 sleep, 667 

in improving relational memory. 668 

 Other studies suggested that phase locking between slow-waves and spindles (frequency 669 

nesting) may be necessary for memory consolidation (Latchoumane et al. 2017; Kim, Gulati, and 670 

Ganguly 2019). We tested this by measuring the power in spindle frequency band (from 7 to 16 671 

Hz) in 3 distinct phases of the N3 slow oscillations: Down to Up transition, Up to Down 672 

transition, and Random time windows during the Up state. Local field potentials were computed 673 

and the starts and ends of each Up state were identified as done previously (see Methods). We 674 

calculated the spindle power in 100ms time windows centered in each of the 3 phases. We found 675 

significantly higher power in the spindle frequency band near the Down to Up transition 676 

compared to the two other phases tested (Figure 8D). Additionally, we found that this spindle 677 

power was significantly correlated with associative memory improvement following sleep 678 

(Figure 8C, R^2 = 0.5, p = 0.03). These results predict that phase-locking between spindles and 679 

slow waves may be important in relational memory.  680 

 681 

Discussion 682 

How does sleep give rise to relational memory? Our study suggests the following 683 

conceptual model. First, for each “basic” memory, there exists a feedforward pathway through 684 

the network that is stable and robust, so a stimulus presentation, i.e., pattern activation in primary 685 

sensory area (e.g., neuron group A, Figure 9A, left), leads to reliable and unique response in 686 
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associative cortex (activation of neuron group A’). These pathways can possibly form during 687 

development, can be strengthened during subsequent training, and need to be robust for 688 

associative learning to take place. These pathways represent sensory “primitives” that have been 689 

once learned and do not need to be changed in adult brain. Second, during associative learning, 690 

events that have shared context are learned to be represented together. In the model, this occurred 691 

when inputs A and B are presented together, which leads to an overlapping representation in 692 

associative cortex, where presentation of A or B alone leads to firing and recollection of the other 693 

object (i.e., B’ or A’) (Figure 9A, middle). If different associative memories include a common 694 

item, e.g., A-B and B-C, sleep aids in forming indirect associative memory between 695 

nonoverlapping items A’ and C’ by strengthening the entire pathway A  C’ (or C A’), both 696 

through an increase in feedforward connections from A to B’ and C’ as well as community (or 697 

attractor) formation for the entire A’-B’-C’ group in associative cortex (Figure 9A, right). As 698 

sleep replay takes place on a compressed timescale (Nádasdy et al. 1999), the entire group (A’-699 

B’-C’) can be activated within a small enough window for connections to grow between A’ and 700 

C’, taking advantage of STDP type mechanisms. Indeed, inhibiting the overlapping elements 701 

(B/B’ or Y/Y’) during sleep (or during memory recall) prevents post-sleep improvement on this 702 

associative memory task in our model (Figure 9B), in line with in vivo work which showed that 703 

associations between a visual stimulus and fear response could be blocked by optogenetic 704 

inhibition of neurons representing the visual stimulus during sleep (Clawson et al. 2021).  705 

Recent experiments suggest that learning rules may differ between anesthetized and 706 

awake states and are biased towards synaptic depression during Up states of SOs in urethane-707 

anesthetized mice (González-Rueda et al. 2018). This result supports the synaptic homeostatic 708 

downscaling (SHY) hypothesis suggesting that during sleep synapses are downscaled to free up 709 
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synaptic resources for learning during the next wake state (Tononi and Cirelli 2014). The other 710 

view is that synaptic potentiation occurs during NREM sleep to enable memory consolidation 711 

(Igor Timofeev and Chauvette 2018) (see also review in (Puentes-Mestril and Aton 2017). In our 712 

new study, based on a large scope of existing experimental data, we utilized a symmetric STDP 713 

rule, that is similar in both wake and sleep states, and we observed strengthening of synaptic 714 

connections to form new associative memories during sleep. This model may need to be 715 

extended based on prevailing biological views about plasticity rules in the waking and sleeping 716 

brain as new data are accumulated. In addition, plasticity mechanisms such as heterosynaptic and 717 

homeostatic synaptic plasticity may affect learning and their effects are different between sleep 718 

and wake. Indeed, e.g., the effect of heterosynaptic plasticity depends on neuromodulators 719 

(Bannon et al. 2017) whose levels fluctuate during sleep-wake cycle. In our new study we 720 

explicitly tested effect of heterosynaptic plasticity on associative memory and found that it helps 721 

to form associative memories. Because of the complexity of the effects of neuromodulation, we, 722 

however, considered simplified model where heterosynaptic scaling operates similarly during 723 

sleep and awake. 724 

Our work expands upon computational models of relational memory by providing a 725 

biophysically plausible account of learning during waking and consolidation during sleep. 726 

Previous models for relational memory include the temporal context model (TCM) and retrieval 727 

based models (Kumaran 2012; Kumaran and McClelland 2012). Our model adds to this literature 728 

by: 1) developing a biophysical account, based on STDP rules, that explores the role of sleep 729 

replay on relational memory tasks, and 2) suggesting a role for both the TCM and retrieval-based 730 

models, based on different types of relational memory tasks. TCM and retrieval-based models 731 

have been successful at demonstrating performance on associative memory tasks (Kumaran and 732 
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McClelland 2012). However, these models were constructed using pre-set weights between 733 

different regions of the network and sleep replay was implemented using artificial stimulation. In 734 

contrast, in our work, we show that STDP rules can be used based on realistic task settings to 735 

learn relational memories and synaptic replay, that is needed for formation of indirect relational 736 

memories, occurs naturally during SWS and does not require any additional stimulation. We 737 

found that, during slow-wave sleep, individual items were replayed spontaneously and in a 738 

correct order to form a new relational memory.  739 

Our model, which more closely aligns with TCM, may be insufficient at explaining 740 

generalization on ordered relational memory tasks (Ellenbogen et al. 2007; Werchan and Gómez 741 

2013). We showed that replay is as likely to occur in the forward or backward directions (e.g., 742 

forward=A  B, backward=B  A). In this simplified task, memory consolidation during sleep 743 

occurs mainly in a recurrent layer, as neurons representing single units become wired together 744 

based on a shared context and form an attractor or community that enables indirect memory 745 

recall. However, in an ordered relational memory task, where the hierarchy of items needs to be 746 

learned, replay within a single attractor-based layer may be insufficient to correctly encode the 747 

order of the task, and big-loop recurrency may be necessary.  748 

Many studies explored the effect of sleep on relational memory without analyzing 749 

correlation between specific sleep stages and performance improvement (Hiuyan Lau, Alger, and 750 

Fishbein 2011; Huguet et al. 2019). Our work expands upon these studies by suggesting a unique 751 

role for slow-wave sleep in improving relational memory. We further predict that while nesting 752 

spindles and slow waves may be important for consolidation of relational memories, spindles 753 

alone are not sufficient for consolidation. Our study predicts that the number of slow waves 754 

observed during sleep is significantly correlated with the subject’s ability to perform relational 755 
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memory tasks,  in line with previous work that demonstrated a significant correlation between 756 

the SWS length and relational memory learning (Tucker, Fishbein, and Lau 2010).  757 

Our study also further supports evidence that mental health disorders, such as 758 

schizophrenia, where SWS is disrupted may experience deficits in relational memory (Titone et 759 

al. 2004; Martin, Jeste, and Ancoli-Israel 2005; Pritchett et al. 2012). Patients with schizophrenia 760 

have shown a marked decrease compared to healthy controls in their performance on transitive 761 

inference and relational memory tasks (Titone et al. 2004; Avery et al. 2021). One of the deficits 762 

in sleep in schizophrenia subjects is a significant decrease in the amount of SWS (Keshavan, 763 

Reynolds, and Kupfer 1990; Yang and Winkelman 2006; Manoach and Stickgold 2009; Benca et 764 

al. 1992). Our model suggests that if disrupted SWS is responsible for deficiencies to learn 765 

transitive inference in schizophrenia, then methods focusing on recovery of normal sleep patterns 766 

in schizophrenia could lead to an improvement in associated cognitive symptoms.  767 

We should note the limitation of our work by ignoring the explicit impact of the 768 

hippocampus on memory consolidation and transitive inference. Previous studies have described 769 

the importance of the hippocampus in transitive inference tasks, where hippocampal activation is 770 

increased during the performance of transitive inference tasks, and damage to the hippocampus 771 

decreases performance on such tasks (DeVito, Kanter, and Eichenbaum 2010; Heckers et al. 772 

2004; Wendelken and Bunge 2010; Zalesak and Heckers 2009). Recent studies revealed a 773 

complex bi-directional model of the interaction between hippocampal and cortical 774 

networks (Helfrich et al. 2019; Rothschild, Eban, and Frank 2017). Our recent modeling 775 

work (Sanda et al. 2021) found that hippocampal ripples can coordinate large-scale spatio-776 

temporal dynamics of cortical slow waves. We address these concerns by noting the similarity 777 

of the second layer in our model with hippocampal regions, which rely on similar attractor 778 
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dynamics (Colgin et al. 2010). Thus, the same mechanisms we propose here may explain 779 

relational memory improvement during sleep in cortico-hippocampal system. Importantly, 780 

empirical and computational studies reported that hippocampal activation during SWS is 781 

preceded by cortical input and follows a cortical-hippocampal-cortical pathway (Navarrete, 782 

Valderrama, and Lewis 2020; Rothschild, Eban, and Frank 2017; Sanda et al. 2021). In this 783 

scenario, the content of replay may be introduced by cortical networks (layer 1 in our model) and 784 

lead to the chosen content of replay in hippocampal and other cortical networks (layer 2 in the 785 

model).  786 

REM sleep is likely to be very critical in memory and learning but its specific role in 787 

formation of relational memories is unknown. One study found that a fraction of time spent in 788 

REM sleep during a 60-minute nap was correlated with improvement on A-C item pairs but also 789 

led to more forgetting of directly learned (A-B) relations (Alger and Payne 2016). In this work, 790 

however, subjects who did not attain REM sleep during the 60-minute period also performed 791 

similarly to those that attained REM sleep. Thus, it remains an open question how REM and 792 

NREM sleep can differentially contribute to relational memory and to memory consolidation in 793 

general (see, however, Wei et al. 2018). It is also likely that the cycling between REM and 794 

NREM sleep over the course of a typical night, i.e., multi-phasic sleep with specific temporal 795 

structure, is important for sleep-dependent memory consolidation. 796 

To summarize, we built a model of the thalamocortical system which suggests specific 797 

biophysical mechanisms that explain the role of sleep in the formation of indirect associative 798 

memories. This model predicts that inhibition of neuronal groups that represent items that link 799 

associated items may decrease performance on relational memory tasks (Clawson et al. 2021), 800 

while artificial stimulation during sleep replay of non-associated items may lead to false memory 801 
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formation (Diekelmann, Born, and Wagner 2010). Our model can be extended in order to 802 

describe transitive inference tasks where there is an underlying hierarchy of items (e.g., A>B) 803 

which likely requires a third layer to account for big-loop recurrency needed to perform ordered 804 

transitive inference.  805 
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Figures 1066 

 1067 

Figure 1: Thalamocortical model of relational memory simulates transitions between 1068 
awake and sleep states. 1069 
(A) Basic task setup. During associative training (left), pairs of items are presented 1070 

simultaneously (A+B, B+C). The relational memory task (right) tests the ability of the 1071 

network to retrieve direct (B) and indirect (C) items, when presented with item A. 1072 

(B) Basic network architecture (PY: Excitatory pyramidal cells; IN: Inhibitory interneurons; TC: 1073 

Thalamocortical neurons; RE: inhibitory thalamic reticular neurons). Excitatory connections 1074 

terminate in a dot, whereas inhibitory connections terminate in a line. Arrows indicate the 1075 

direction of connections. 1076 

(C) Baseline network dynamics of the 200 PY neurons and 100 INs during wake and slow-wave 1077 

sleep (each row depicts membrane potential over time of a single neuron).  1078 

(D) Zoom-in of baseline network dynamics in awake state before sleep (left), during sleep 1079 

(middle; one Up state is shown), and in awake state after sleep (right). Network dynamics 1080 

before and after sleep are shown for layer two neurons. During sleep, a canonical slow wave 1081 

pattern is seen across both layers. 1082 

(E) Weight connectivity matrix for feedforward connections from layer 1 to layer 2 in cortex 1083 

(left) and recurrent connections within layer 2 (right). Connection probability is 30% for 1084 

feedforward connections and 50% for recurrent connections. A white dot represents that a 1085 

connection exists between two neurons. 1086 

(F) Two-layer cortical network architecture. There are plastic feedforward connections from 1087 

layer 1 to layer 2 and plastic recurrent connections within layer 2. A subset of neurons in each 1088 

layer is trained to represent individual items (e.g., neurons 10-29 (denoted neuron group A in 1089 
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the text) in layer 1 represent item A and neurons 210-219 (denoted neuron group A’) 1090 

represent item A in the second layer). 1091 

 1092 

 1093 

Figure 2: Training and testing protocol include supervised and associative training in 1094 
awake state and spontaneous activity during SWS. 1095 

(A) Overall network dynamics for the three phases: supervised training (purple), associative 1096 

training (green) and sleep (cyan). Each phase is followed by a testing phase (T1, T2, and T3).  1097 

(B) During supervised training, neuron groups A, B, C, X, Y, Z are stimulated in layer 1 and 1098 

neuron groups A’, B’, C’, X’, Y’, Z’, respectively, are stimulated in layer 2 with a 5 ms time 1099 

delay. Example stimulations of C and C’ and X and X’ are shown on the left. During testing, 1100 

a single neuron group in layer 1 is stimulated (e.g. neuron group Z on the right), and the 1101 

response of neurons in layer 2 are measured. Red bars are shown to accentuate neuron groups 1102 

that are stimulated. 1103 

(C) During associative training, neuron groups A+B, B+C, X+Y, Y+Z are stimulated 1104 

simultaneously. Each pair is stimulated with a 500 ms delay after previous group stimulation. 1105 

No stimulation is provided in layer 2. After associative training, another testing phase is 1106 

performed.  1107 

(D) During sleep, neuromodulator levels are altered in order to simulate deep stage 3 (N3) sleep 1108 

activity characterized by spontaneous slow-waves across cortex. After sleep, another testing 1109 

phase is performed. 1110 

 1111 

Figure 3: Sleep improves associative memory performance. 1112 
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(A,C) Responses of layer 2 neuron groups after stimulating a neuron group in layer 1 during 1113 

testing after supervised training (left), associative training (middle), and sleep (right). Panel (A) 1114 

depicts responses in the model without heterosynaptic plasticity (HSP) and panel (C) is from the 1115 

model with heterosynaptic plasticity included during associative training. 1116 

(B,D) Conversion of association matrices shown in (A) and (C) to a single association 1117 

performance score. Panel (B) is without heterosynaptic plasticity and panel (D) is with 1118 

heterosynaptic plasticity. 1119 

(E,F) Associative training duration vs. sleep duration. Panel (E) is from the model without 1120 

heterosynaptic plasticity and panel (F) is from the model with heterosynaptic plasticity. The first 1121 

number in each cell depicts the association score before sleep and the second number depicts the 1122 

association score after sleep. Color depicts the % change in association score from after to before 1123 

sleep.  1124 

(G) Improvement in association score as a function of number of slow waves (p=2.45 x 10-13, 1125 

R^2=0.74) in the model including heterosynaptic plasticity. Each dot represents a different 1126 

network trial. Network trials are computed for 100s, 300s, and 500s of sleep as well as different 1127 

durations of associative training. 1128 

 1129 

Figure 4: Sleep increases amplitude and decreases latency of indirect memory response. 1130 

(A,B,C) Raw network response traces during testing phase of stimulating A, B, C, X, Y, Z (from 1131 

left to right) after supervised training (A), associative training (B), and sleep (C). Note increase 1132 

in response and decrease in latency after sleep.  1133 

(D) Averaged (across 8 trials) and smoothed, through a band-pass filter at 0.1 and 20 Hz, local 1134 

field potential (LFP) computed separately for the three neuron groups in layer 2 (X’, Y’, Z’  are 1135 
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shown) upon simulations of a neuron group X in layer 1. LFPs are shown during testing phase 1136 

after supervised training (left), associative training (middle), and sleep (right).  1137 

(E) Average response latency for direct memories (black, e.g., latency of neuron group B’ when 1138 

A is stimulated), indirect memories (pink, e.g. latency of neuron group C’ when A is stimulated), 1139 

and incorrect memories (cyan, e.g. latency of neuron group X’ when A is stimulated).  1140 

(F) Average firing rate of neurons in layer 2 for each type of memory (direct, indirect, and 1141 

incorrect) during testing phase. 1142 

 1143 

 1144 

Figure 5: Synaptic weight dynamics explains improvements in relational memory after 1145 
sleep. 1146 

(A,B) Left, Feedforward (A) and recurrent (B) synaptic weight matrices after supervised 1147 

training, associative training, and sleep. Right, Synaptic input to the neurons of each memory 1148 

type in layer 2 (the sum of all the weights connecting to those neurons) for self-memories (A-A’), 1149 

direct memories (A-B’), indirect memories (A-C’), and incorrect memories (A-X’) after 1150 

supervised training, associative training, and sleep. 1151 

 1152 

 1153 

Figure 6: Sleep increases modularity of each items triplet (A’B’C’ and X’Y’Z’) in layer 2 1154 
recurrent connections. 1155 

(A-D) Graphs of layer 2 connectivity matrices. Each dot represents a group of 10 neurons (red 1156 

dots = A’, B’, C’, blue dots = X’,Y’,Z’). A line is drawn between two dots if there is a weight 1157 

between groups that exceeds a given threshold (75% of the maximal wight). The thickness of the 1158 

line represents the number of such connections. (A) before any training, (B) after supervised 1159 

training, (C) after associative training, and (D) after sleep. Note that threshold is calculated for 1160 
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each state separately, so, e.g., before training many connections exceed the threshold defined by 1161 

initial weak connections.  1162 

(E) Community assignment for layer 2 neurons over time during each training/sleep phase (ST = 1163 

supervised training, AT = associative training, and sleep). Neurons were assigned the same color 1164 

(at any given time) if those neurons belonged to the same community.  1165 

(F) The number of communities over time. Data are averaged across 10 network trials and error 1166 

bars indicate the standard deviation across trials. 1167 

 1168 

Figure 7: Replay during sleep drives synaptic weight changes. 1169 

(A) Local field potential during SWS (left) and examples of slow-waves (right). Beginning/end 1170 

times of Up and Down states are computed by setting a threshold for the transition from Down to 1171 

Up state and vice versa.  1172 

(B) Number of replay events for feedforward (top) and recurrent (bottom) connections. Replay 1173 

events are selected by identifying sequential ordered firing events, within a specified time 1174 

window. Replay events occur significantly more in the areas of interest (black grids) than in 1175 

other areas (p<1e-4, based on shuffling replay matrix 10,000 times).  1176 

(C) Change in synaptic weights as a function of number of replay events between neurons for 1177 

feedforward (top, R2 = 0.61, p=1 x 10-12) and recurrent (bottom, R2=0.41, p=1x 10-10) 1178 

connections.  1179 

(D) Number of replay events between self, direct, indirect, and incorrect neuron groups for 1180 

feedforward (top) and recurrent (bottom) connections. For feedforward connections, there was a 1181 

significantly higher number of replay events between self-connections than direct connections, 1182 

direct connections than indirect connections, and indirect connections than incorrect connections. 1183 
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For recurrent connections, indirect connections revealed the most replay events (p=0.006 1184 

between wrong connections, and p=3.28 x 10-36 between direct connections).  1185 

 1186 

Figure 8: Stage 2 (N2) sleep has little effect on association score, although spindle/slow 1187 
oscillation nesting during N3 sleep reveals significance.  1188 

(A) Network dynamics including both N2 and N3 sleep: supervised training (purple), associative 1189 

training (green) and sleep, comprised of N2 (lime) and N3 sleep (cyan). Bottom row shows 1190 

zoom-in of N2 sleep (two spindles are shown) and N3 sleep (slow-waves) 1191 

(B) Association scores following 300s of N2 sleep (top left), 300s of N3 sleep (top right), 600s of 1192 

N2 sleep (bottom left), and 300s of mixed sleep (200s N2 and 100s N3, bottom right).  1193 

(C) Association score improvement as a function of spindle power near Down-to-Up transition of 1194 

N3 sleep suggests a significant correlation between spindle/slow oscillation nesting and 1195 

association score. Spindle power in 1000s of mV^2. 1196 

(D) Spindle power is significantly higher near Down-to-Up transition then near Up-to-Down 1197 

transition or a random time selected during the Up state of a slow-wave. Power was 1198 

calculated based on 100ms time windows. 1199 

 1200 

Figure 9: Proposed model of relational memory and main experimental predictions. 1201 

(A) Summary of the changes to the model at different time points. During supervised 1202 

training, feedforward connections are formed between layers 1 and 2 to represent self-1203 

memories (e.g., A-A’). During associative training, the network learns to associate items 1204 

presented together (e.g., A with B and B with C). However, these connections are weak 1205 

and no indirect associations are learned (e.g., A is not associated with C). After sleep, 1206 
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direct and indirect memory connections are strengthened and one attractor is formed for 1207 

entire triplet of items, i.e., a community including A’, B’, and C’. 1208 

(B) Effect of inactivating different neuronal groups during either sleep or testing on 1209 

association score. Blue bars show performance after training and orange ones show 1210 

performance after sleep. Silencing linking group in any one layer only (B’ or B, Y’ or Y) 1211 

during sleep still leads to significant post-sleep improvement for associative memories 1212 

(B’, Y’ - t(10) = -4.91, p = 0.001; B, Y - t(10) = -2.03, p = 0.045, one-sided t-test, FDR 1213 

correction). However, silencing linking groups in both layers (B/B’, Y/Y’) during sleep 1214 

prevents post-sleep improvement for these associative memory tasks (t(10) = -0.59, p = 1215 

0.28). Inactivating linking groups in layer 2 alone (B’, Y’) during testing was sufficient to 1216 

significantly reduce associative memory performance.   1217 
 1218 
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