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Abstract. We present an extensive review of the repetition effect aiming to 

understand a simple experimental fact: why the repetition of a stimulus leads to 

reduced neural activity as compared to unrepeated stimuli. Previous attempts to 

understand this fact were connected mainly with the application of the mechanisms 

of local models (synchrony, facilitation and sharpening). We show that the 

Neurolocator model earlier proposed for the explanation of neural memory, 

focused attention, and Pavlovian conditioning can also successfully explain most 

difficult cases of repetition effects. The Supplement Material includes wide range 

of related effects such as habituation and sensitization, negative priming, inhibition 

of return, whole brain segregation and integration. All of them need an additional 

works to build specific models in each case, but we believe that their successful 

modeling will be closely connected with the Neurolocator model. 

 

Key words: repetition suppression, repetition enhancing, habituation, oscillatory neural 
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1. INTRODUCTION 

Repetition suppression (RS) effects are ubiquitous in nervous system and RS has 

remained one of the most widely studied experimental finding in primates and humans, but 

many researchers point to slow progress in RS mechanism understanding as can be seen from 

the following. 

“In spite of this enormous research effort, there is still no single theory that can account 

for the available experimental findings on RS… It is perhaps puzzling that the mechanisms 

behind such a simple phenomenon as the reduction of the neural activity to repeated 

compared to unrepeated stimuli remain insufficiently explained today, after almost fifty years 

of study” [1]. “RS is not a unitary phenomenon, but likely subsumes multiple mechanisms 

that operate under different conditions. These mechanisms of course need to relate to single-

cell data and known physiological mechanisms; but to make further progress, I believe we 

need dynamical neural network models that relate these mechanisms to the properties of 

neural populations that are measured by fMRI and EEG data” [2]. 

The most important problem of cognitive neurobiology is the understanding of a 

mechanism that relates repetition suppression and repetition priming (RP) as can be seen from 

the following quotations.  

“Many studies of the neural bases for behavioral priming have encountered an interesting 

paradox: in spite of faster behavioral responses, repeated stimuli usually elicit weaker neural 

responses” [3]. “How can reduced neural activity lead to improved behavioral performance?” 

[4]. “The neuronal mechanisms that enhance performance in the face of reduced brain activity 

are unknown” [5]. “A central goal of cognitive neuroscience is to understand the relationship 

between repetition suppression and priming” [6]. 

In this paper after reviewing many works on RS and RP we present a dynamical model 

that can satisfy the above requirement of Henson [2] and explain the paradoxical relationship 

between RS and RP. 

http://www.matbio.org/journal.php?lang=eng
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2. EXPERIMENTAL DATA 

2.1. Basic characteristics of the repetition suppression 

1) Initial activation. The magnitude of RS was greater for stimuli that initially elicited 

the largest activation in the neocortex [6, 8, 9] and hippocampus [10–12]. 

2) Time parameters. RS appears after the stimulus onset starting between 100 and 250 

msec in the visual modality and between 40 and 60 msec in the auditory modality [13]. RS is 

maximal after the peak of the response and then reduces. RS in IT is still present for ISIs of at 

least 900 msec [8]. Depending on cortical region it increases with prime duration initially 

presented up to 200–250 msec [14, 15], but has no effect in 300–3000 msec [16] and declines 

for larger duration [15, 17]. RS is maximal for short ISI and decayed with increasing ISI [18]. 

The upper limit for the fMRI repetition time lag is typically of the order of seconds [19]. RS 

effects occur early within initial stage of stimulus processing and persist for the entire 

stimulus duration [20].  

3) Recovery. RS recovers with increasing the interstimulus interval [17, 19, 21, 22] or the 

number of presentations of the adaptor [17, 23] even if test stimuli are presented in a different 

format [24]. 

4) Multiple time-scales. RS can be observed on at least three-time scales: 

(a) on the scale of tens of milliseconds peaking at ~100 msec [25, 26]; (b) on the time-

scale from hundreds msec to min [19, 27–30]; (c) on the time scale from min to days [31–33]. 

These effects most likely relay on different mechanisms [2, 25, 34], though repetition effects 

with novel stimuli can occur over long-time scales [35]. There exists time-scale gradient 

along anterior-posterior axis [36–40] with long time-scale at higher hierarchical levels (but 

see [29]). Multiple time scales might be due to the power-law behavior of adaptation [41]. 

5) Stimulus generalization. RS occurs despite negligible visual similarity (in orientation, 

size, position, expectation, etc.) between the initial and repeated object [4, 42–48] and even in 

multimodal and cross-modal tasks [49–51]. The category-specific regions showed RS for 

more than one stimulus category [52, 53]. RS is larger for non preferred stimulus category [6, 

20]. 

6) Stimulus selectivity. The dependence of RS on the degree of similarity between the 

adapter and test stimuli was limited mainly to the early phase of the neural response [46] or 

with short adaptation duration [45]. RS was stimulus selective only on a time scale of ~100 

msec [25]. 

7) Attentional modulation. RS was modulated by spatial and feature attention [31, 39, 

54–57]. Some forms of RS can be preserved in the absence of attention [31, 58, 59]. RS 

comprises both attention independent and attention dependent components [31, 60]. RS is less 

viewpoint-dependent at long intervals [34, 45]. 

8) Theta/gamma synchronization.  

(a) RS decreases gamma-power [7, 58, 61–71]. RS occurs in high frequency broad band, 

but not lower frequency band in many cortical regions [20, 58, 71] and the hippocampus [20, 

71]. Sometimes postadaptation shows an increase in gamma synchrony [66, 72–75]. 

(b) RS shows specific phase locking effects in the theta range [4, 68, 76–81], including an 

anticorrelated relationship between local/gamma and global/theta synchrony [6, 62, 82] and 

increase in cross-frequency coupling [70]. 

(c) relationship between the gamma and other frequency bands becomes strongest during 

the first-stimulus (i.e., the novel stimulus) presentation and decreases with repeated 

presentations of stimuli [83], e.g., reduced theta-gamma phase amplitude coupling (PAC) 

around the third presentation [81]. 

9) Emotional modulation. RS effects decrease linearly with negative valence [84, 85], but 

opposite effects were described [51, 86–89] as possible attentional influence [90]. More 

suppression was caused by cues associated with a higher reward then with a lower reward 

[91]. 
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10) Nonlocal adaptation. Usually, adaptation is thought to involve modified synaptic 

plasticity, but adaptation of motion vision of vertebrate and invertebrate occurs without any 

change in the parameters [92, 93]. RS in IT has transsynaptic origin [94]. 

11) Self-organized criticality. Strong visual stimulation initially causes the overall 

excitability. But repetition of visual input drives the cortical network dynamics to a critical 

state similar to physical phase transitions [95, 96]. Such adaptation self-organizes cortical 

circuits towards a balanced regime that maintains criticality in the cortex during sensory 

information processing [95, 97].  

Theories and models. RS was initially considered as resulting from low-level and local 

adaptation mechanisms by which the response of a neuronal population would be reduced 

when a stimulus appears for the second time: the fatigue model entails, facilitation model, 

sharpening model. However, local models cannot explain the RS plateau which is reached 

within 5–10 repetitions [98]. Recent years have seen the development of an alternative view 

linking RS to top-down expectations within a predictive coding scheme [99]. According to 

this view, the brain constantly predicts forthcoming inputs and computes the discrepancy 

between actual and predicted sensory states to update its predictions. However, more careful 

experiments show that RS dissociates from top-down stimulus expectation effects [8, 13, 30, 

100–107]. Henson [108] and many others suggest that RS is not a unitary phenomenon and 

likely includes multiple mechanisms that operate in different conditions, e.g., short (within 

trials) and long (between trials) intervals may activate different/dissociable RS mechanisms 

that exist in overlapping regions [34]. Traditionally, adaptation is attributed to synaptic 

plasticity, but recently Quiroga [109] proposed a model which does not require such 

plasticity. Previously Johnson et al. [110] built a model of short-term memory with metastable 

states with no need of synaptic learning. Similarly, Kryukov [111, 112] also proposed a neural 

model of short-term memory as metastable state without synaptic modification which is able 

to explain RS in a unified manner for short and long intervals due to criticality. 

2.2. Repetition enhancing (RE) and repetition suppression 

RS and RE commonalities. RS co-occurs with the converse phenomenon of repetition 

enhancement (RE):  

(a) Both occur in a single cortical region [113] or simultaneously in different brain regions 

[9, 11, 55, 114–116]. 

(b) Both are influenced by a modulation signal from the hippocampus [10]. 

(c) Both decrease with a lag between successive stimulus presentations [117]. 

(d) Both are sensitive to multiple factors including preexisting stimulus representation, 

cognitive task, a lag between repetitions, and spatial attention [2]. 

(e) Both are region specific and time scale dependent [78]. 

(f) The duration of both depends on stimulus familiarity (seconds) and novelty (hours) 

[35]. 

(g) The direction of repetition effects (suppression vs enhancement) is affected by 

visibility [118], the number of repetitions [119–122], and preexperimental stimuli familiarity 

[21, 23, 66, 123, 124]. 

RS and RE contrasts. RS and RE occur in different conditions, cognitive task, and 

temporal aspects (see Table 1). 

2.3. Repetition priming and repetition suppression 

The repetition priming (RP) is a form of positive priming meaning that later experiences 

of a stimulus will be processed more quickly and refers to improvements in accuracy and RT 

in behavior response with repeated stimulus presentation. 
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Table 1 

RS RE References 

high-contrast scene  low-contrast scene [118] 

stimulus moving in a certain 

direction 

stimulus moving in a opposite 

direction 

[25, 125] 

6–9 repetitions of low-visible 

pictures 

1–5 repetitions of low-visible 

pictures 

[119] 

unmasking  backward masking [126] 

repulsive tuning shifts attractive tuning shifts [115] 

task-dependent task-general [127] 

repulsive orientation shifts attractive orientation shifts [128] 

unrelated semantic conditions related semantic conditions [68] 

familiar object  unfamiliar or novel object [21, 24, 66, 123, 124]  

larger visual grating  smaller visual grating  [115]; 

inhibitory engram  excitatory engram [129, 130] 

massed learning spaced learning [88, 131–133] 

recognition compromised recognition improved [131–136] 

implicit learning  explicit learning [137] 

suppressed gamma synchrony  enhanced alpha synchrony  [61] 

gamma power decrease  gamma power increase  [66, 72] 

smaller latency  greater latency [2, 113] 

                     95–150msec 

time window  

                   100–250msec  

                     230–270ms 

time window 

                     > 300 msec  

[138] 

 

[13] 

at early times  at latter times [128, 139] 

 

 

RS and RP similarity.  

(a) Both are reduced as the lag is increased [19, 21], but see [131].  

(b) Both occur on time scales from a second to days [31–33, 140]. 

(c) Both are reduced with the prime duration or the number of presentations of repeated 

objects [15, 141]). 

(d) Both can be largely determined by previously learned stimulus-response associations 

[42].  

(e) Both are enhanced by grater neural synchrony between prefrontal and temporal 

cortices [142]. 

(f) Both can have the same neuronal mechanism [1, 35, 143, 144], but others consider this 

question still open [6, 36, 52, 145]. Even independent mechanisms are possible.  

 

RS and RP contrasts.  

(a) RS relatively reduces/derails encoding [78, 146], but RP makes more accurate 

encoding and stimulus classification [62, 147] by forming so called soft-assembly with 

variable topological dimensionality depending on task difficulty [148].  

(b) RS decreases classification accuracy [147], but RP improve target recognition [55, 35, 

134–136, 149]. 

(c) RS frequently causes tuning preferences to shift away from the adaptor [115, 139, 146, 

150–152], but RP leads to shifts in tuning toward the adaptor [115]. Shorter adaptation in 

most cases produces repulsive shifts whereas adaptation exceeding nine minutes results in 

attractive shifts in the same visual unit [122, 128]. Attractive shifts are band-limited and are 

around test stimulus; the flanked responses remain unmodified [153, 154].  

(d) RS decreases gamma band ranges and phase synchrony but RP increases them both 

[65]. 
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(e) RS and RP do not vary in a significantly correlated fashion across trials, although RS 

accompanies RP [155, but see 156]. 

(f) Many data suggest that RS and RP have independent mechanisms [2, 123, 138, 157–

161]. In particular, RS and increasing coupling in repetition priming varied independently, 

which requires modifications of all current models [162]. 

RS, RP and memory. RS and RP are implicit or “unconscious” memory [163] (but see 

[137]) with no relationship between hippocampal RS and subsequent memory [10, 162] or 

between RP and episodic memory [131] (but see [164]). However, the meta-analysis of 

neuroimaging experiments revealed that global topography of RS and RE were similar to that 

of the subsequent memory effects indicating that the mechanism of RS is a reduced version of 

the retrieval success, i.e. involvement in explicit memory [52]. Accordingly, perirhinal cortex 

supports both conceptual priming and the memory of conceptual information and predicts 

better subsequent memory [165, 166]. The data in the visual search suggest that implicit and 

explicit memory processes are linked in MTL and expressed via RS and RE mechanisms 

correspondingly [137] and driven by single underlying memory system [156] or at least they 

are functionally connected [167] (but see [168, 169]). RP can result from S-R binding 

memory [170] by repeating S and producing R more rapidly without necessary recapitulating 

RS and RE initially used to generate R.  

Theories and models. Multiple theoretical models have been proposed to account for 

simultaneous observations of both neural repetition suppression and behavioral priming 

(reviewed in [78]; see Fig. 1.) 

 

 
 

Fig. 1. Neural models of repetition suppression and priming. Four prominent models of repetition priming 

and repetition suppression are considered. The Synchrony model (upper left) holds that neural activity 

becomes more synchronized with repetition, permitting more coordinated propagation of activity at lower 

overall activity levels. The Predictive Coding model (upper right) holds that top-down causal influences 

are more strongly negative, leading to repetition suppression in the receiving region, along with a gain 

enhancement that leads to more rapid onset and offset of responses. The Facilitation model (lower left) 

claims that neural activity onset and offset are advanced in time, with earlier peak responses and a 

reduction in overall activity. The Sharpening model (lower right) holds that weakly tuned, poorly 

responsive cells are the ones driving repetition suppression, reducing downstream support for competing 

stimulus identities and speeding downstream stimulus-selective responses. The figures are reproduced 

with permission from Gotts et al. [78]. 
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Tartaglia et al. [35] suggested RE as viable candidate for neuronal substrate of RP. 

Wikipedea describes six theories of RP, concidering the synchrony theory as being the most 

probable mechanism [78, 171]. Gotts et al. [171] pose two challenges to existing models of 

RS and RP: 1) after relatively small number of stimulus repetitions the activity decrease 

occurs in occipitotemporal cortex without much concomitant change in neural tuning; 2) PFC 

exhibites reduced rather than enhanced stimulus selectivity, undermining popular joint 

explanation of RS and RP. Weiner and Grill-Spector [6] have added two more challenges: 

3) anticorrelated relationship between local (gamma) and global (theta) interareal synchrony 

(which is at odds with Gotts’s model); 4) the synchrony alone can not explain a multitude of 

RS effects. 

Nonlinear dependence of activity of single neurons on the (total) activity of local and 

distal neurons is ubiquitous and is termed as divisive normalization (DN). A very successful 

explanation of such dependences is termed as canonical computation [172]. However, the 

neuronal mechanism of DN is not well understood. One direction is that normalization and 

attention might use a common mechanism [173–177] (but see Sanayei et al. [178]). Another 

attempt is to connect DN with Hebbian learning, which provides the best account of 

physiological data [179]. Also there exist several attempts to explain adaptation without 

plasticity [109, 110]. They have two deficiencies: a) no neurobiological explanation and b) the 

need to extend to adaptation in time [180, 181].  

3. NEUROLOCATOR MODEL CAN UNIFORMLY EXPLAIN MOST OF THE 

REPETITION EFFECTS 

3.1. The Assumptions of the NeurolocatorModel [182, 183] 

1. The medial septum is a global pacemaker or a central oscillator.  

2. The CA3 field of the hippocampus is a comparator and novelty detector. 

3. The limbic circle, which includes the hippocampal CA1 field, performs the function of 

a delay line and connection between the hippocampus and the neocortex. 

4. The theta-rhythm plays a critical role in conscious and unconscious perception, 

attention, memory and adaptation. 

5. The functional unit of the model is a unified submodule resembling a cortical 

microcolumn and a cortical “barrel”. 

6. A star architecture consisting of a single central oscillator and many cortical oscillators, 

operating at a theta rhythm frequency that is automatically regulated by a phase-frequency 

tracking system. 

7. Learning in the model occurs as follows: when the number of synchronously working 

cortical oscillators reaches a critical value, their natural frequencies converge and get 

modified. 

8. All submodules and the entire system can operate near self-organized criticality based 

on the principle of physical phase transitions both at the local level of microcolumns and at 

the global level of synchronization. 

The details of the model formulation see in Supplement 1.  

3.2. Experimental support/confirmation 

Each of these assumptions has now the following experimental support/confirmation, 

correspondingly. 

1. The medial septum operates as a global theta pacemaker [184–186], and the generation 

of theta activity depends significantly on its bilateral connections with the hippocampus [187–

189]. 

2. The hippocampus, integrating spatiotemporal submodules [190], acts as a comparator 

[191–196], which ensures its central role in information processing [197, 198] and adaptation 

[10, 71, 199–201]. 
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3. Anatomical [202] and functional [203–205] studies have shown connections between 

the hippocampus and the thalamus, and the reversible inactivation of the thalamic basal 

nucleus strongly suppresses the Global Signal coming from the hippocampus to the neocortex 

[206]. Thus, the thalamocortical system together with the limbic system can work like a radar 

transmitter of the request or probing signal from the hippocampus to the cortico-thalamic 

workspace [207], where the response signal is formed, reflecting information selection and 

integration [208]. 

4. The request or probing signal is mostly transmitted from the hippocampus to the 

neocortex on theta frequency, but the reflected or response signal is transmitted at gamma 

frequency [209–214]. 

5. It has been experimentally proved that cortical columns are building blocks or structural 

units of cortical functions [215]. 

6. Many data on Global Signal, especially Ma et al. [216] and Gutierrez-Barragan et al. 

[217], suggest that the Global Signal is the cortical response on the output signal of the central 

oscillator, which gives rise to all properties of the cortical functional connections, so the star 

architecture is supported by many experiments. 

7. Long-term memory is not stored in the hippocampus [218–220], but in the neocortex 

[221–225] and is encoded not by synaptic weights [226–228], but by the neuronal populations 

[229, 230] or engrams [231, 232], composed of cortical columns [215]. “Engram cells that 

fire together wire together” [233]. Integrative “gluing” of memory and attention elements was 

discovered in self-citation (self-loving) activities [234]. 

8. Critical mode and phase transitions exist in the brain, providing high sensitivity to 

external changes, huge dynamic range of input signals and the high speed of adaptive 

processes [235, 236]. 

The details of experimental support see in Supplement 2. 

Selected properties to be explained 

To explain how our model works in adaptation, we select from very many repetition data 

only those that are most difficult to explain in terms of existing models requiring full strength 

of the Neurolocator model.  

1. The magnitude of RS was greater for stimuli that initially elicited the largest activation 

in the neocortex and hippocampus (see basic characteristics of RS). 

2. RS is larger for non preferred stimulus category [6, 20]. 

3. RS is maximal for short ISI and decayed with increasing ISI [18]. 

4. The direction of repetition effects (suppression vs enhancement) is affected by visibility 

[118], the number of repetitions [119–122], and preexperimental stimuli familiarity [21, 23, 

66, 123, 124]. 

5. Stimulus repetition drives the cortical network dynamics to a critical state similar to 

physical phase transitions [95, 96].  

6. RS reduce θ/γ phase amplitude coupling (PAC) [81, 83]. 

7. RS occurs in high frequency broad band but not lower frequency band in many cortical 

regions [20, 58, 71] and the hippocampus [20, 71]. 

8. RS and increasing coupling in RP varied independently which requires modifications of 

all current models [162]. 

Short explanation of selected properties 

To explain these properties in terms of the Neurolocator model, let us remind that our 

model represents the multi-input phase-locked loop (PLL) (see Equation (1) in [183]), in 

which RP and RS appear as a result of global theta/gamma synchronization and 

desynchronization, correspondingly. In more details, the above properties 1–3 correspond to 

modulation of PLL by the parameters AK, Λ0 and the function g(t), correspondingly. The 

function g(t) representing the cross correlation between septal and cortical spike activities 
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relates RS and RP (as measured by EEG and fMRI) to single neural activity (as registered by 

microelectrodes); the paramereter Λ0 regulates the degree of synchronization in the preferred 

cortical region: it improves the behavior performance at Λ0 ≈ 0 and desynchronizes neural 

activity at larger Λ0; AK regulates the influence of the arousal, attentional enhancement and 

emotional influence ( 0

1

n

j

j

A A


 ). The property 4 is determined by the same mechanism for 

RS and RE at different initial conditions. The property 5 follows from the critical state in 

microcolomns and also from global brain synchronization that allows the repetition time lags 

of the order of seconds and minutes. The property 6 corresponds to reducing θ/γ PAC during 

theta desynchronization. The property 7 follows from the above experimental fact 4 that 

cortical signals are transmited to the hippocampus not only on theta but also on gamma 

frequency. The property 8 can be explained by integration of microcolomns in preferred 

cortical regions during synchronization and their independent dissociation in nonpreferred 

regions during desynchronizations. The computer solution for the RS and RE relation is given 

in Supplement 1. 

The strength of our model can be appreciated by its capability to respond to the follow 

outstanding question. 

“Why wasn’t RS to long-lagged stimulus repetitions observed in all electrodes?…Why 

was the shift in peak timing for face repetitions not observed in all electrodes? How does the 

neural response magnitude to preferred stimuli affect RS?” [20, p. 600]). 

In our model, RS to long-lagged stimulus repetition is possible only if microcolomns are 

in a critical state of phase transition, which is possible to observe not in all electrodes. 

Analogously, not all electrodes are placed in preferred cortical regions in which a shift in peak 

timing for face repetition occurs due to isolabile learning. The preferred stimulus (e.g., a face) 

by definition elicits maximal response in the corresponding cortical region (e.g., FFA) which 

is possible only if the frequency of the hippocampal theta rhythm is very near the natural 

frequency of cortical oscillators in this region and therefore most of other cortical oscillators 

will be in a desynchronized state and therefore RS will be near maximum. “What is the 

relationship between adaptation of single neurons and populations?” [237]. 

The relation between adaptation of single neurons and populations is very complex, so far 

unknown in details [238], and usually approximated by the so-called divisive normalization 

(DN) [239, 240]. DN refers to a non-linear computation whereby the response of a given 

neural unit is devided by the activity of another neural unit. One would need to extend such 

model to incorporate adaptation in time [180, 181]. One of the late successful variants of DN 

as presented by Burg et al. [241] can be related with our model in that their “normalization 

weights” can be collated with our spike crosscorrelation g(t) and their so-called “restricted 

sets” of preferential stimuli is comparable with our assumption of preferred cortical regions 

with restricted Λ0. Besides our model, unlike all existing normalization models, have no 

unresolved problems of extending processing in time [242], attention [183] and consciousness 

[182]. 

4. CONCLUSIONS 

We present a unified model of major available experimental data on RS and RE that has 

not been possible for more than fifty-five years of intensive study [1]. 

RS is not a unitary phenomenon, but as predicted by Henson [2], incorporates different 

mechanisms under different conditions.  

The key point of the unified model is the central role of the medial septum as a global 

pacemaker and the hippocampal CA3 field as the phase comparator to regulate global theta 

frequency and to synchronize a number of microcoloms. These are the most important 

assumptions for the current task performance.  
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The Neurolocator model as the main mechanism of numerous repetition effects was not 

designed especially for RS but is closely related with global neural mechanisms of brain 

functioning based on tree basic independent foundations: the principle of the dominant, the 

principle of phase transition, and the principal of the radar [182]. 

Our model by explaining many data provides a simple explanation of paradoxic 

relationship between RS and RP: in spite of faster behavior responses (i.e., RP), repeated 

stimuli also elicit weaker neural response (RS) because theta frequency synchronization in RP 

may independently cause θ/γ desyncronization (RS) in other parts of the neocortex and this 

RS-RP independence was confirmed by Gotts et al. [160]. 
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SUPPLEMENT 1.  

COMPUTER SOLUTION FOR RS AND RE RELATION 

Kryukov et al. [112] derived the follows differential equation, which describes 

Neurolocator model as a multiple phase-locked loop (PLL)1:  

       0 0 0

1

n
i

i i i i i i

j

d
A g N t F p B g

dt 

 
       

 
 , i=1,..., n,  (S1) 

where φi is the phase difference between septal and cortical oscillators; Λ0i is their natural 

frequencies detuning Λ0i = ωi – ω0; A0i is the strength of the i-th cortical oscillator’s action on 

the central oscillator; B0i – is the strength of central oscillator action on the i-th cortical 

oscillator, g(φ) is a non-linear discrimination function, Ni(t) is the “white” noise of the j-th 

hippocampal lamellae; F(p) is the transfer function of the low pass filter of the midbrain 

Reticular Formation. 

 

 
Fig. S1. Dynamics of synchronization (asymptotically horizontal curves) and desynchronization (all other 

curves). The vertical axis is the phase difference and the horizontal axis is time. Different oscillators with 

different wi are presented by the curves of different colors. 

                                                 
1 The term B0i was originally erroneously omitted in Kryukov et al. [112], but later in [181] the error was 

corrected 
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To make clear how Equation (S1) can differentiate between RS and RE, let us simplify it 

in the following way:  

1) all cortical oscillator are made identical A0j = a (j = 1,…, n) and B0i = b (i = 1,…, n); 

2) the noise term Ni(t) is eliminated;  

3) F(p) = (pτ +1)–1;  

4) g(φ) = sin φ;  

5) φ(t) = 0 at t = 0.  

As a result Equation (S1) will be transformed into Equation (S2): 

2

02
1

sin sin
( )

n
i i

i j i

j

d d
a b

dt dt 

  
       .    (S2) 

The results of computations based on Equation (S2) for n = 15, ω0 = 1, ωi = 2 – 0.1i, 

i = 0,…, 14 and different parameters a, b, τ are presented in Figure S1. The same Equation 

(S2) at different a, b, τ is able to explain different degree of synchronization (RE) and 

desynchronization (RS), depending of parameter values. 
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SUPPLEMENT 2 

S2.1. Habituation and sensitization 

Habituation is defined as a behavioral response decrement that results from repeated 

stimulation and that does not involve sensory adaptation/sensory fatigue or motor fatigue. RS 

and habituation are two analogous concepts but refer to neural and behavioral levels, 

correspondingly. The habituation may be described as the ability to ignore familiar, 

predictable and inconsequential information. Although some researches use terms “repetition 

suppression” synonymously with the term “habituation”, RS alone is not sufficient to explain 

behavior habituation and vice verse.  

The neural adaptation is the neural correlate of habituation [243] and constitutes 

habituation [244], but habituation has been distinguished from sensory adaptation or motor 

fatigue by the process of dishabituation [245]. 

According to Rankin et al. [245], the habituation after collapsing and correcting many 

experimental results has the following characteristics. 

Decreased response. Repeated application of a stimulus results in a progressive decrease 

in some parameter of a response to an asymptotic level. A response may show facilitation 

prior to decrementing because of (or presumably derived from) a simultaneous process of 

sensitization.  

Spontaneous recovery. If the stimulus is withheld after response decrement, the response 

recovers at least partially over the observation time.  

Potentiation of habituation. After multiple series of stimulus repetitions and spontaneous 

recoveries the response decrement becomes successively more rapid and/or more pronounced.  

Stimulus rate effect. Other things being equal, more frequent stimulation results in more 

rapid and/or more pronounced response decrement, and more rapid spontaneous recovery. 

Intensity dependence. Within a stimulus modality, the less intense the stimulus, the more 

rapid and/or more pronounced the behavioral response decrement. 

Below zero effect. The effects of repeated stimulation may continue to accumulate even 

after the response has reached an asymptotic level. This effect of stimulation beyond 

asymptotic levels can alter subsequent behavior, for example, by delaying the onset of 

spontaneous recovery.  

Stimulus specificity. Within the same stimulus modality, the response decrement shows 

some stimulus specificity. 

Dishabituation. Presentation of a different stimulus results in an increase of the 

decremented response to the original stimulus. 

Habituation of dishabituation. Upon repeated application of the dishabituating stimulus, 

the amount of dishabituation produced decreases. 

Long-term habituation. Some stimulus repetition protocols may result in the properties of 

the response decrement that last hours, days or weeks. 

The habituation is frequently considered as an inherent aspect of physiological novelty 

detection mechanism [43, 59, 197, 246–253], showing also dishabituation with any changing 

stimulus parameter [197, 246]. In some conditions habituation can be reversed into priming or 

vice versa [254]. 

McDiarmid et al. [255] presented an extensive review of reported abnormalities in 

habituation (mostly reduced) in a variety of neuropsychiatric disorders: Autism Spectrum 

Disorder, Fragile X syndrome, Schizophrenia, Parkinson's disease, Huntington's disease, 

Attention Deficit Hyperactivity Disorder, Tourette's syndrome, and Migraine. Decreased 

habituation often correlates with symptom severity across underlying pathology of disorder.  

Theories and models. The mechanism of behavioral habituation has not been identified 

[245, 256], but two following theories have been relatively successful and are prominent 

today. Stimulus-model comparator theory [257, 258] states that as the same stimulus is 

repeated, the stimulus-model develops and exerts increasing inhibition on the arousal system, 
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thus yielding habituation. If a new or altered stimulus occurs which does not match the 

stimulus model, then the inhibition is released and response strength recovers. 

Dual-process theory [259] assumes that two independent processes take part in behavioral 

outcome: one decremental and one incremental that interact in the stimulus-response (S-R) 

pathways resulting habituation or sensitization, depending on their relative strength. Both 

theories are strongly supported by the experimental evidence – the former from hippocampal 

studies [197], the latter from invertebrate preparations [245, 256]. Both theories compliment 

each other in that single-trace and dual-trace mechanisms co-exist in higher and lower regions 

of nervous system and awaiting integration in unified theory. The hippocampal studies 

suggest a single unified system mechanism [112, 197, 260], while the dual-trace theory 

admits a multitude of different mechanisms as the cause of habituation [256] with the hope in 

future to extend the dual-trace hypotheses “to identify the mediatory mechanisms for 

habituation and determine when, where and how these mechanisms are activated” [245]. 

S2.2. Negative priming 

Negative priming (NP) refers to the finding that people’s responses to probe target 

previously presented as prime destructor are usually slower and more error prone than to 

unrepeated stimuli. NP was originally developed to measure attentional selection but in fact 

more than one process contribute to it [261]. Below we list only some NP effects that are 

analogous to that of RS. 

a) NP reliably obtained with repeated items, not with novel items [262]; cf. [21]. A novel 

stimulus leads to positive priming causing faster than usual reactions [263, 264]. 

b) NP occurred as a function of target repetition: priming was initially positive and 

becomes negative as the number of repetitions increased [264]; cf. [119]. 

c) NP effects are multimodal: they can be observed in visual, auditory, tactile and 

olfactory, and bilingual stimuli [261]. 

d) In typical NP experiments, each probe target is accompanied by a destructor and 

without probe destructor NP diminishes. But it increases by increasing perceptual or 

conceptual difficulty [265].  

e) NP is modulated by attention: the ignored repetition causes NP while attended 

repetition results in positive priming [266]. Similarly, NP under high control load was 

eliminated and could even be reversed to positive priming [267]. 

f) The stimulus-response binding contributes to NP effects [268]; cf. [269].  

“The complexity of the NP phenomenon has not decreased despite several decades of 

intensive research… it is important to integrate NP research into larger cognitive theories or 

architectures” [261]. 

S2.3. Inhibition of return 

Inhibition of return (IOR) refers to the relative suppression of processing of (detection of, 

orienting towards, responding to) stimuli that had recently been the focus of attention. By 

suppressing orienting toward previously inspected locations and objects IOR encourages 

orienting toward novelty. Many characteristics of IOR are similar to that of RS.  

(a) IOR appearing approximately 250 msec following the presentation of the single cue 

[270] and dissipating within 3 sec [271]. Responses are faster when SOA is shorter than 250 

msec [272]. 

(b)  Lik the RS property of stimulus generalization, the concept of IOR has been extended 

to include nonspatial dimensions [273, 274]. 

(c) Spatial and nonspatial IOR have both shared domain-specific neural mechanism 

[275]. 

(d)  Like RS, the greater IOR occurs with increasing feature overlap of repeated stimuli 

[276]. 
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(e)  Different electrophysiological components have been associated with behavioral 

facilitation and IOR. There is no single marker of facilitation or IOR [277].  

(f)  Like RS, the IOR was observed with neutral and happy face targets, but disappeared 

with angry face targets [278]; cf. [84]. 

(g)  Like RS, the IOR is modulated by attention [279, 280], but can be observed in the 

absence of attention [279] and even can be triggered by perceptual but not attentional 

processing [281]. 

Sensory adaptitation may be the cause of at least some part of IOR effects [240]. Many 

findings suggest that habituation may account for the IOR effects as location-based 

manifestation of habituation [251]. It is argued that there is no process specifically designed to 

inhibit returns [276]. 

S2.4. Whole brain segregation and integration 

The brain is able to separate the information into distinct modules which perform special 

local computations and integrate them into a meaningful internal representation. Segregation 

as partitioning between functional networks formally can be defined as the difference within 

the versus between community connections [282]. Integration refers to the ability of the brain 

to share and broadcast information across brain regions [283]. The integration decreases the 

segregation and vice versa. The balance between them is critical for healthy brain functioning 

[284, 285] and optimal functioning [286, 287]. How integration takes place over segregated 

modules remains elusive [213, 288], unclear [289, 290], or at least not fully understood [291]. 

Below it is shown that many properties of segregation and integration are parallel to that of 

repetition suppression and repetition enhancement, but also have more general meaning and 

importance being, e.g., a quantitative index of creativity [292] and neural correlates of 

consciousness [293]. 

Basic characteristics of segregation and integration are the fllowing.  

Baseline activity. During the baseline state the functionally connected network comprising 

mPFC, hippocampus, PCC, precuneus was observed to have a significant activation which 

deactivated with task performance and was defined as the default mode network (DMN) [294, 

295]. Deactivation in DMN is associated with activation of some opposing network [296], 

called the task positive network (TPN) so that DMN and TPN become anticorrelated during 

performance of a task as well as in a resting state [296–301]. Critically, high levels of 

activation in DMN or TPN are associated with deactivations of opposing networks [302, 303] 

though in many cases these regions can be also positively correlated [304–308]. A greater 

initial contrast between the task state and resting state leads to better cognitive performance 

due to functional connections [309]. 

Multiple timescales. Segregation and integration processes occur over wide range of 

timescales. The change of brain connectivity between functional systems was observed on at 

least three timescales: a) from milliseconds to hundreds of milliseconds [310–313]; b) from 

seconds to minutes [314–316]; c) from hours to months [312, 317–319], and even to entire 

lifespan [320, 321]. A hierarchy of time scales reflects the anatomical distance from primary 

sensory cortex [322], faster dynamics in early auditory cortex, and slower dynamics in higher 

order brain regions [37, 316, 323–325], forming gradient time scales from early rapid sensory 

integration to long-term representations in the high level cortex [326]. Ultra slow timescale 

reflects the transient formation and dissociation of multiple communities of brain regions in 

the resting state [327], while cognition requires rapid transient and frequency- specific 

reorganization of the network topology [328]. Fast local and slow global cross frequency 

coupling (CFC) integrates functional systems across multiple spatiotemporal scales [329].  

The segregation decreases in the elderly with age [282, 330–333], learning [318], sleep 

deprivation [334] or during awaking from deep sleep [335], greater task demands [308], 

emotions and motivation [336], awareness [335, 337], episodic memory retrieval [338]. The 

decrease in segregation leads to misses of the target sound in 50 % of trials [339] and is 
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associated with neurodegeneration [330] or some forms of psychiatry illness [340, 341] and 

late-life depression [342]. 

The segregation increases before and after task performance [343] with age of youth 

[344], in deep sleep [335], resting motor network activity [345], simple motor task [346, 347], 

task automatization [318, 348], in patients with hippocampal lesions [2], sometimes is 

associated with superiors’ cognitive ability independently of age [282] and greater training 

improvements in older adults in complex tasks [349]. The increase in segregation benefits to 

lower metabolic costs [346, 350, 351]) and to effective performance as a function of learning 

[318]. 

Integration enables faster or more accurate performance on cognitive tasks [289, 346]. It 

is important for a range of cognitive functions including working memory and cognitive 

control [346], including task performance [318, 346], episodic memory retrieval [338], and 

conscious awareness [328, 337, 352], but integration can also occur without awareness [353, 

354] only in the case of prior conscious training of the task [355]. Consciousness may be 

needed for integration of novel information [291]. A key role in the integration belongs to the 

hippocampus [189, 197, 288, 338, 356, 357] and PFC [288, 358–361]. Also, basal ganglia and 

thalamus form a part of the core circuit that supports large-scale integration of functionally 

diverse neural signals [207, 362, 363] through hippocampal-thalamic [201], thalamo-cortical, 

and cortico-thalamic connectivity. However, the electro physiological mechanisms underlying 

memory integration remain elusive [288]. 

Segregation and integration cooperation occur in complex tasks [349, 364, 365], 

metastable balance [291, 366], context dependent soft assemblies [148] changing cognitive 

demands [347, 367], control functioning [368], resting state metastability [283], dynamical 

connectivity [369], working memory [370], cognitive reserve [285], conscious states [236, 

371, 372], and when DMN cooperates with TPN [296, 304, 305, 307, 348, 373, 374]. Note 

nevertheless that normally DMN and TPN inhibit each other [302, 303]. 

Table S2 

Segregation Integration References 

dominant low modularity dominant high modularity [375] 

reduced metastable 

dynamics 
normal metastable dynamics [376] 

task related deactivation task related activation [296] 

decreased executive attention executive attention [377, 378] 

negative cross correlations between regions 
positive cross correlations between 

regions 
[362] 

operation at different frequency than integration 
operation at different frequency than 

separation 
[379] 

no PAC, low correlations between regions 
PAC, high correlations between 

regions 
[380] 

DMN – DAN anticorrelations DMN – DAN correlations [304, 305, 381] 

stronger anticorrelations after sleep deprivation 
weaker anticorrelations after sleep 

deprivation 
[334] 

SWS REM [382] 

complex task, decreased modularity, forgotten 

items 

simple task, increased modularity, 

remembered items 

[357, 383; but see 

343] 

task-negative network task-positive network 
[295, 296, 384, but 

see 373] 

complex task, negative correlations between 

modularity and performance 

simple task, positive correlations 

between modularity and performance 
[378] 

simple motor task complex WM task [346] 

motor execution WM [347] 

resting state complex reasoning [343] 

partial conscious state conscious state [347, 371, 385, 386] 

more early (200–1400 msec) in WM task 
more later (800–2200 msec) in WM 

task 
[370] 
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Segregation and integration competition/opposition occurs in different brain states, 

cognitive tasks, and the time of appearance as shown in details in Table S2. 

Attentional modulation. Attention effects on both segregation and integration in flexible 

manner usually but not always degrading the ability to temporally segregate stimuli and 

facilitating the integration, depending on goal task and stimulation [387]. Attentional control 

systems facilitate the integration or segreration of different cognitive systems [321]. The 

dorsal attention network (DAN) increased large-scale functional brain connectivity with a 

visual node, while decreasing connectivity with motor and sensory nodes [388]. Functional 

hubs underlying visuo-spatial attentional state are segregated not only anatomically but also 

by oscillatory frequencies [389], while conscious states are segregated by [390–393]. Too 

much focus can actually harm performance of creative and insightful problem-solving tasks 

[394].  

Emotional modulation. Each of the emotions such as fear, anger, disgust, sadness, and 

happiness were characterized by reliable correlations with regional multimodal brain 

activations [395, 396]. One way in which emotions and motivation processing affect brain 

responses is by increasing global efficiency and decreasing separation [336]. However, the 

feeling of well-being is connected with optimal metastability in the brain [397]. Positive 

mood enhances verbal and impairs spatial working memory, whereas negative mood enhances 

spatial and impairs verbal working memory [398]. The socioemotional reasoning suppresses 

analytical form of reasoning and vice versa [302]. 

Outstanding questions. “The mechanism by which modules interact with one another over 

time remain elusive” [399]. “Mechanisms for information segregation and integration are not 

fully understood” [291, p. 9]. “The biological mechanisms responsible for driving fluctuations 

between integration and segregation remain unclear” [289, p. 2]. “How integration takes place 

over segregated modules remains elusive” [212, p. 1]). 
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