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ABSTRACT

This paper presents thedouble loop feedbackmodel, which isused for structureand dataflow modelling through
reinforcement learning in an artificial neural network. fi¥st considerphysiological arguments suggesting that loops and
double loopsarewidely spread inthe exchangelows of thecentral nervousystem. We theremonstratehat thedouble
loop patternhamed amental object, works as a functional memory wamt we describthe main properties of double
loop resonatomuilt with the classical Hebb's law learning principle irfeedforwardbasis. In this model, we show how
some mental objects aggregate themselves in building blocks, theranetta properties of such blocks. We propose the
mental objects block as the representing structure of a concept in a neural netwsHowMeow the local application of
Hebb's law at the cell level leads to tbencept of functional organizatiaost at the network levéupwardeffect), which
explains spontaneous reorganizationnoéntal blocks(downward effect). In this model, the simple hebbidearning
paradigm appears to have emergent effects in both upward and downward directions.

Keywords: Reinforcement learning, memory, double loop coupled resonator, functional organization cost.

1. INTRODUCTION

Research in inductive learning has resulted in introducing raégyrithms-20-25-26 gndstructured knowledgenodel$-8-18-
22-32tp address the issue of prototype extractiah of raw data.Many problemshave beerencounterediuring this work,
and among them should baoted: learningalgorithms turning out to be unable frovide reliablerules under all
circumstances; structured knowledge modbis fitting to all formal universes; theeedfor preprocessinglata tofeed the
model in order to induce prototype extraction. ArtificialNeural Networks(ANN) have brought simplicity in building
classifiers, but using them wuite askill because ofhe dataset neededeatures andnost often, the stability olearned
prototypes implies that no more learning should be done.

A feature shared by all these models is that structure and data flow modelling are usually addressed separategiyeavkich
to us as not being the case of natural intelligent systems. Taking inspiration of these, we progosbldimop concept

as a pattern for both structure and data flow modelling in order to make prototype extraction the regyttaofi@a process.
For being efficient, this process should be self-governing and we show that this feature is achievedibl¢heop model
through the functional organization cost concept.

Biological data leading to consider the double loop model are explained in sectiondbubfeloop conceptand properties
are exposed irsection 3. Section 4 shows whatthe basic interactionlsetweenmental objects. Mental objects blocks
built by spontaneously aggregating mental objects, and their propartedescribed irsection 5. Section 6itroduces the
permanent block, here proposed as the concept strustyppbrt in theneural networkFunctional organizational cost and
its consequences are following, before the conclusion takes place in section 7.

2. THE DOUBLE LOOP IN THE EXCHANGE FLOWS OF THE CENTRAL NERVOUS SYSTEM

Adaptive and learning systems use feedback signals to adjust the command signal that thehtewestfinal result. Such
an architecture is widespread both in natural and artificial systems. We analyze the sensorimotor system ageddacible
loop (8 2.1), rather than a simple one: arguments in favour of our analysis are provided in section 2.2.

2.1 The sensorimotor double loop

An anatomical description of the interactive capabilities and organization in the Central N&ysters (CNS) obuperior
mammalians give the structure of the motor and sensory systems. The first one is orientated top-down from the frontal lobe,
where the motor signals to outward actuators through spine originate. The latteniatedbottom-up from spine to the
parietallobe, wherethe sensory signal flovends.This structuredesignsa U (figure 1). Yet a functional study of the
sensorimotor feedback signals suggests that there should exist a full loop between the froataltteb@arietalobe. The

full extended path of the loop, closing the structural U in a functional O, travels through the associative fronto-pasietal are
(figure 1).
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Figure 1. The structural U and the functional O in the sensorimotor systems.

Areas ofdiscussions sustaining the hypothesis that the associtas betweethe sensory parietal loband the motor
frontal lobeachieves a completgath for signal flowsgiving the opportunity ta@eneratesome internal insidéoops are
quite easy to validate (figui®). An anatomical argument fonis assumptiorwould bethe structure of the corteand the
multiple connections between the layers in the associate@s. Buthe numerous resultsompiled onvisual system and
gripping from the original work of Ungerleidand Mishkin till recently9-31-12-13showlarge scale corticdlows between
areas ofthe CNS. This constitute in owiew a much more persuasiaad better physiological argumenRosett#8,
through his work on spatial representations, shows that such an hypothesfmadnaghoes inother psychofunctional
analysis.

Accordingly, we carassume that somt-directionalsignal flows existbetweenthe associativeareas connected tboth
primary sensory and motor areas. As sensa@gal flowsspread arounthe parietalarea,they induce secondargctivation
flows in the associative areas. Simultaneously and following the same scheme, motor signal flows coming ffontalthe
area dathe same. Since the structure of the organism is stéadlpermanent, simultaneous flowscur veryoften via a
self-spawning procesandtrigger spontaneous coupling through local loops in the assocatas. Thewide functional
loop is thereforecompleted bysmall local loops which, beingoupledwith the wide loop, form doubleloops rather than
simple ones as a first analysis would conclude.
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Figure 2. Induced flows inside the associative areas

1.2 The double loops around and inside the cns

Considering the exchange flows of tB®&S at alargerscale, thedoubleloop scheme caistill be applied. The largéoop
described above in figure 1 covers only proprioceptive signals due to the activity of some cells in thereadtais loop,
which is an inside path for signals, makes the motor area loop back onto itself through the organism.
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Figure 3. The two paths of feedback signal flows to the CNS: one external going through environment, and one internal
going through proprioceptive perceptions.



Beside these self-induced proprioceptive signals, many motor activities produce physical modifications in the environment of
the organism. Some of these modifications translate through other exteroceptive senses, most often throwslditasyal,

and tactile senses. All these exteroceptive flows make the CNS loompiackself through path convolutiorexternal to

the organism. We still have a double loop, as pictured in figure 3.
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Figure 4. The nested feedback loops in the exchange flows of the CNS

Our analysis of the functional flows in the CNS suggests that the feedback loops around the sensorimotanesystted,

as pictured in figure 4 which shows three different loops that all share a common part in the asaoedstivEhdirst one

passing through the external environment has been widely examined and is well-known. The second one passing through the
organism is a set dhterconnectedystemsseen as a regular configuration pysiology. Thethird loop going strictly

through the associative areas, is the one we hasemed fothe basis of our hypothesekhese thredoops constitute in

our point of view two nested double loops that share a common path in the CNS, especially in the associative areas.

3. THE DOUBLE LOOP MODEL : CONCEPT AND PROPERTIES

Providedthe above-mentionedssuesand in order to addreshe memoryand learning phenomenons takingjace in
connectionist networks, we propose to explore dbable loop concept from an innovativetandpoint. This section
describes the concept and its main properties.

3.1 Definition

We define the double loop as a dynamic flow going over a connectionist strifatiie consequently a doubleop. As a
dynamic system, the double loop is acting as two coupled resonators. As a stattarefweights over connections, the
doubleloop evolvesaccording toHebb's law principle. Theloubleloop in our network is théundamental concept for
learning, memory and interaction between learned representations.

The double loop concept is a functiorald abstract model for describirthe activity of a CNS. We onlgssume that an
established dynamic signal flow follows two different paths made of true syragise=encells, whateverthese paths may

be. We shall insist that every cell in the network may take an active part in diff@ngntloops that may possibly exist
simultaneously. Therefore, in a CNS, there should be neither any pre-defined coupling from a cell to any particular loop, nor
any matching from any cell to any special flow path. As factual evidence of any physiological loop at the cell level has not
been brought up at the present time, our description of the CNS activity should be considered as a pure abstrddthmodel

is only to be tested by means of artificial networks.

The doubleloop modelallows the superposition of a fast respodgaamic process to take place oveslaw changing
structure. When keepinidpe mutualreinforcement between structusadflow, the model superimposa$ie slow and fast
mechanisms over the twaifferent scalelevels. While learning takgdace atthe lowestscalesynaptic level, signaflow
propagation in double loops takes place at a much larger scale in the network.

3.2 The double loop concept: a structure and a flow

We have considered the double loop as the basic organizaticendnitehave tried tolook for the consequences @&uch a
functional architecture. A double loop made of cells would look likedtheving in figure 5, this schemeassuming that all

cells have the same small size. The double loop is both a streepoesented by set of connectionbetweencells in the

network, and a dynamic functional flow over this structure. As a dynamic object, the double loop has a particular property: it
expressests existence through a stabilizeslitput, which means it hasstablished regular exchangesth its own
environment. A stabilized double loop works as a couple of resonators which, sharimgpdetienections, have their own
signals sustained by external stimulation.
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Figure 5. A double loop made of neural cells

The doubleloop is both a structureepresented by aet of connectionbetweencells in the networkand a dynamic
functional flow over this structure (figure 6). We call this set of structamddynamic phenomena 'anental object” with
regard to its cognitive dimension as a memory unit.

Local application of Hebb's lawnduce mutual reinforcement betweethe structureandthe flow overit. As the flow
repeatedlygoes througtevery synapse, the weight @achconnection isincreased - anthis increasedveights makes the
structure more deeply engraved in the network. On the other hand, a saoddbBeply inscribedtructure is an easier path
to follow for signals as the connectioagemore efficient, thus achievingegular circulation okignals in the loops and
regular exchangewith other structures in the network. Connectionist strucancedynamicflow mutually reinforce each
other.

The mental object is a dynamic resonator: it is turned on similarly to an on-off toggle switch by a signaspkalificsto
its own signal flow. As long as its input flow is compatible with its apecificsignal, theresonatorstays on.However,
it may develop negative interference with an other resonator and be turned off by an opposite signal.
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Figure 6. The signal flow in a double loop goes over cells and connections shared between the two loops.

The mental object is also a structural resonator: the structure is the permanent print of the flow that can be descrébed as mad
of weights on all connections between cells. Because of the structure dispensed in the networedyegingpresentation,
recurrence of the dynamic flow is easily turned back on every time its specific signal reaches the network.

3.3 The double loop properties

This section describes tlumubleloop propertiesandrequisites for the learning capabilities of the network. A muonche
complete statement would be found in Leerf

3.3.1 A comparative function.

The mental object is inherently a discriminating signal flow buildjngnular comparisons ovéime, acting thus as a
comparison qualifier. When the steady state is achieved, each loopduutble resonator receives asiaput a mix of its
own internal flowandthe external flowcoming both from the remote environmdfigure 7), and from the verynear
neighbourhood made by the other coupled loop.

The existing steady state is asserting the compatibility of this mixed flow with the structuredufutiieloop. As long as
this compatibility is maintained, the exchanges stay regular and both internal and extern&keéipgsing on. Themental
object makes a temporal comparison achieved from time to time on both internal and external flows. But conygbility
not mean identity: changes and substitutions may take place in flow signals as long as thepdtm=il to produce the
same signal in phase and frequency. We call this set of chiregeariation envelope of @oubleloop. Whenthe external
flow variable changexceedgshe tolerance ofvariations that the existing structure of fheps mayaccept, the phase gap
breaks the propagation of signals in the loops and the mental object goes from activated to inactivated state.
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Figure 7. Other parts of the network scheme provide a feedback path for the output flow of every mental object.

Having this capability to compare signals over time, the double loop achieves an operation essential for decision making and
control processes. The comparison function is a questsed by technicians interested ibuilding auto-correcting
machines likeAlbus!, as well as neuro-biologists verifying the thinking mechanisms at work in the human brain like
Changeuk

3.3.2 State.

This dynamic property is eonsequence dhe circulating flow: we call it the state of the mental object. A mental
object is described as activated if it is the source of an output flow. Otherwise, the mental algsctibsd amactivated
(figures 8a and 8b).
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Figure 8. (a) An Output Flow Testifies the Activated State.
(b) A Non-existent Output Flow Testifies the Inactivated State of a Mental Object.

In the double loop model, one should remember that every output signal emitted by a mental object is fed back to it through
its environmentthere always is path, making a loop in one way or another, thafoltowed by output signal flows,
leading from output to input flow.

3.3.3 Flow carrier and signal propagation.

An even more abstract description of the network would le@dnsider everynental object as a step in theocess
of signal transferring in the network from perceptive input systems to the motor output systems. In thdeulsiypops
are the transfer medium for signals in the network, they are flow carriers (figure 9).
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Figure 9. The loop as a transfer medium for signals in the network

The flow carrier property is a very important functiondafubleloops: it actuallyleads tothe control oflarge scalesignal

propagation in the network through a flow switching mechanism associated to the dynamic etaty oental object. As
a flow carrier, every double loop is thfeeder ofother succeedingarts of the networkHoweverone shouldemember the
double loop is also a signal flow comparisqmlifier. Therefore amodification of theinput flow exceedinghe variation
tolerance that its structueuld standnakes the mental object fall into aractivatedstate.When inactivatedthe mental



object is no longer a feeder for the remainder of the network. The double loop structure amplifies any significant input signal
modification by a changing in signal flow propagation in the network. This is another set of mechanisms resulting from the
cascaded scale extrapolation of cells passing to circulating flows.

3.4. Learning

Learning in the network is an essential phase of the prolcassas it is not the purpose of this paper, will stightly
described here (details would be found in LécerAs explained earliethe proposedearning mechanism operating éach
cell is a simple form of Hebb's law principlaugmentedwvith an epigenestsequivalentmechanism. Althoughecent
studied®2° claim the simplicity of thisconception is questionable, manytbent-11 seem to confirm the importance of
time and synchronization mechanisms whiare positive arguments fodynamic phenomenons such as resonators.
Furthermore, the double loop model deals with much wider scale phenomena thnysielbgy, for which the longterm
potentiation mechanism is a sufficient approximation. Yet a major question staysddeswaresonator - more over a
double resonator - appear?

What drives aloop to exist is the internal organization echange®oth insideand aroundhe network, as well as the
massive parallelism a CNS concurrently achieves. The exchanges are organized in such a way that outputsefwonkthe
go through a structured environment where the sigaralsnodifiedandthen re-injected asnputs to thenetwork (figures 3
and 4respectively). Thepre-establishednternal organization of the network ensumhat a path for signals through
associative areas exists as the underlying percemtdmotor systemslready tend targanizecommunication links with
the environment.

Because of the structure of neural cells and the many connections they make at theierad@recy input signal isspread
over a very large number oklls. Thiswide signal propagatiomndthe massive parallel processing givehancefor the
network togeneratemany responses to angput, thenselect anadequataesponse to the environment structure - and
therefore, achieve as well stabilized exchanges.

It should bemadeclear howevethat thedoubleloop concept isnot a guarantegthat all event mayind an adequate
representation in any network at atiye. Likewise, most of thestate-of-the-art knowledgacquiredfrom connectionist
networks over the yedr§10-14-15-21-23-23g gtj|| relevant: large numbers of cells are necessary, as welp@seatablished
multi-layered structure of the network. But it is tlneique doubldoop conceptadvantagevhich fits in permanent learning
with spontaneous adaptation in a feed-forward network. How is that possible ? Simply by repeating events.

Event repetition is the main learning engine in our networks. This is, in the first pldicectaconsequence éfebb's law.
For any events t@orrespond to aepresentation in the network througtstamped doubléop structuregxchangelows
between the network and its environment must have reached an equilibrium though time, repetitions and adjustments.

Fortunately, repeating events is naturally done by the double loop flow because of its own nature. Since the network has the
capacity of repeating by itself its inner representations, numeepeatedearning situations withieal exchangewith the
environment may not be necessary. Part of the learning training may be done by the network itselftthawgmternal
representations and inside organization built around the double loop model.

Unsupervised learning arisé®m therepeatedccrossing of signals which stabilizes the connections wdieadystate is
achieved, and is therefore a form of reinforcement learning. Learning is an emerging pofysertyed athe network level,
which prints its effects at the cell level. As it is working inside the double loop model, Hebb's law prapgptes tchave
a bidirectional value both upward from cells to network and downward from network to cells.

3.5. Signal filtering

Besides, as the signal flow mixing in the double loop achieves a signal comparison, this capabiliéyegivemubldoop

a filter effect on the signal flow reaching it. Either this external signal flow is compatible with its own internantioiy
is thenpassedver in the network, either it isot compatibleand it is stopped becausthe mental object switches to
inactivated state. Indeed, when inactivatedrttental objecdoesnot feedany more the network witkts output flow. The
dynamic signal flow comparison function makes every mental object behave as a signal filtering device.

In this sectionwere exposethe doubleloop pattern connexionnist structuits, dynamic propertieandhow, acting as a
dynamic process, it achieves a comparigoalifier function which,according tothe result, gives it a flow switching and
filtering capability.

4. INTERACTIONS BETWEEN MENTAL OBJECTS



The massive parallelism and the multimodal sensory permanent input flow spead over the different perceptiviacystems
in the network multiple dynamic double loops that interact with each other. Theeffesitsthat appear insuch conditions
arechaining up, signal mixing, temporaiterferences (reinforcemeuind inhibition) between doubldoops, and signal
filtering.

4.1. Chaining up

The mechanism of chaining up is not more thatossequence dhe neural cell structure. Every cell haglauble funnel
spatial structure: one for collecting the signal on its dentrites, and another one for diffusing its own signal in the Ihetwork.
collects signals through an input funragld spreadsut its owncomputedsignal through an output funnel. Subsequently,
the self-maintained signal everyloop has a spatiahfluence zone which isnuchwider than the one of the loop on its

own (figures 10a & 10b).
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Figure 10(a) influence zone of a loop due to the structure of neural cells
(b) influence zone of double loops and possible interaction between them

Secondary built structural lines of double loops come up as soon asdsabieloops appear inthe networkbecause it is
the less conflicting way for dynamic flows to organize themselves (figures 11a & 11b).
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Figure 11(a) recruitment of intermediate loops between established mental objects
(b) a line of induced loops over an established mental object

Structural lines take place in the 3D space of the network. Similarly to the vertical lines shown in the figues10ba
lateral lines may appear and develop themselves in the depth of the network as well as in its height. As latere¢ lthes
same meaningndthe samamechanical cause as vertitdimes, theyarebrought together as spatial interactions of mental
objetcs. Combined spatial interactions in the network may be represented by the scheme in figure 12.
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Figure 12. The Two Dimensional Spatial Interactions

4.2. Multimodal signal mixing

The multimodal signal mixing iglifferentfrom the flow mixingdiscussed ir8.3.1 about th&omparative functiorevery
mental object achieves. Indeed, the comparative function is a property of a double loop, when signal mixing is a property of
the network (figure 13).

Actually, signal mixing is a consequence of the network massive parallelism and of the cell statlcutban aneffect of

mental objects interactions. Yet both of theepend orthe same mechanism which is the cell structure w#houtput

funnel. As every cell is spreading out its signal through its axonic tree, thus reaching many other cells, this giveg absolutel
no chance for a perceptive signal, for instance a sound, not to be witkedther signals in th€NS, even after very few
synaptic connections. Should the network designedfor signal processingthis characteristic woulgprobablylead to
complete inefficiency. But one shoutdmembethe network isdesignedor cognitive processingnd, inthis case, signal

mixing will appear to be advantageous as it incretisesconnections of mental objects altogether. Multimodal signal
mixing will take its full importance when considered as a facilitating factor in the mental block building process (section 5.2
below).
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Figure 13. Signal mixing between sound and sensation in vertical lines

4.3. Temporal interferences

The secondmain interactiorbetweenmental objects is the tempoiaterferencedue tophasecoincidence betweesignal
flows propagated bynental objects in the networkideed,one shouldemembethat aneural cellsums up the signals
through time and is thus sensitive to the timing of the signals reaching it.

The following figuresand subsectionslescribesuch a temporal interaction, assuming that time mayepresentedvith
space betweemental objects. Firstase isphase coincidence, imhich every signal emitted by each mental object
contributes to maintain the activation of both mental objects. The other case is the opposite: mental objects @raseut of
and every signal emitted leads to the inactivation of the other mental object.

4.3.1. Phase coincidence

A phase coincidence phenomenon is the case when two or more sigerdése in apositive wayandreinforcetheir each
other effects. Two coincidingignals will produce acell firing when all alone none of thehadsuch aneffect. The two
signals reaching the cell with the right timihgve more powethan whenreachingthe cellindependantlythey reinforce
each other (figure 14).
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Figure 14. Phase coincidence lock between two mental objects



4.3.2. Phase opposition

On the contrary, two signals may interfere in a negative amaldestroy eaclother by phasepposition. In thiscase, the
second signal reaching the cell with a wrong timing will have no more effect when it normally has one. Theaggaals
in opposite phase and they inhibit each other effects (figure 15).
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Figure 15. Opposite phase lock between two mental objects

The same phase opposition mechanism exists for the dymEmuixdeloop flow because it isalso adynamicphenomenon.
At this level, through thephaseopposition mechanism, a mental object may inhibit an otheraodeswitch it to its
inactivated state.

5. MENTAL OBJECTS BLOCK : THE CONCEPT SUPPORT

Mental objects blocks support what symbatiodels of artificial intelligence call an elementary concékg a simple
frame in the semantic network motfet,

As a mental object is the internal image built from the signakesxtd#rnal events ithe genuine environment, a mental
block is built from mental objects and, therefore, should be interpreted as a simple conceptual object.

5.1. The mental block structure

In the network, a mental block islarge aggregate ahental objects linked together by spatadtemporal interactions,
which multimodal signal mixingand sequencefacilitate. A block appears ashe spontaneous result of mental objects
interactions according to the activations and timing due to input signal flow coming up from the environment.

As explained before, permanent relations between real permanent objects in the environmentfeequently presented to

the CNS. The differentmental objects whiclare the internal representations of thesal objectsare therefore activated
together or with the same sequence. Interactions between these representations, both spatial ancitempuozdikely to

develop themselves and lead to produce a block of mental objects wiliidmave a functional value ifonsideredrom the
adaptatibility to environment point of view. This block is tlepresentation of aet of events thasre often perceived
together; and the more often these events are perceived, stronger are the links between simple mental objects in the block.

As the universaround ushas acoherent structure oils own, the mental objects blocks whiare progressivelybuilt

through repeated interactions with the environment reflectp#hieivedstructure. This is an automaticxocessdue to the

learning mechanism in the network, and therefore it gives absolutely no garantee that the relation built in a functional block
betweeninternal representations would matefith the physical rule thatloesexist in the genuine environment. A
perceptiveevidence isnot a physical law: thougtvide plains appear to bédlat, the earth isnot a flat planet; as well as

seeing the sun travelling in the sky over our head is not a proof that the sun is turning around the earth.

Though, as long as a mental block matches withptireeivedsignals coming from theeal environment, this block stays
up-to-date and keeps its functional role in the CNS and its own internal structure.dbhgrant representation ofsat of
events highly correlated in the real environment.
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Figure 16. The mental block structure

The scheme drawn in figure 16 shows the two types of relations whiclpltadein amental blockandillustrates the 3D
structure of a mental block. First two dimensions are spatial and structural, they involve mental objects chainig up in both
depthandwidth of the network. The third dimension tisne, asphase mechaniswill take place betweethe dynamic

double loop flows in the network.

5.2. The mental block internal operating

Internal operating mechanisms in a block are mental objects interaction phenomena attifigréheaxis dimensions of a

block as soon as many flows run across the block (figure 17). In the spatial dimensions, interferevesss ascending and
descendinglows would be observedgsulting inreinforcing the connectionsupporting positiveinterferences asvell as
decreasingveights when supporting negativeterferences.Phase lock phenomena may also tgkace between the
connected mental objects a block is made up. Repeated phase interactions may also contribute to changing the block internal
organization by switching on some preferred paths.
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Figure 17. Internal operating mechanisms in a mental object block

According to the learning paradigm of the model, repeated events or sequences are more likely to be printed in a block. Since
every block loops back to itself through the network and its environment, interaetjuencesonsitute the main basis on

which blocks are progressively built in the network. A block may take advantage of the multidimensional signal mixing and
temporal phase interferences to expand itself in associating signals coming from different input channels.

5.3. Block inertia

Inertia is a special property of mental blocks due to tlaegre structuresince, unlike simplaloubleloops working upon a
few cells, mental blocks may be constituted by large numbers of mental objects. However, like simple doubieelataps,
blocks receive an input flow which they turn into an output flow feeding the remainder of the network (figure 18).
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Figure 18.input and output flow over a mental object block



Thus, anactivatedblock will widely spreadits output flow over the network since it stays insteadystate with its
environment (figure 19a). Unlike simple double loops which are immediatelgdoff by a change irthe input flow, the

block output flow will persist for a short period of time because ofdtge number ofctivatedmental objects making up

this flow (figure 19b). Some of these mental objects are turned off by the change in the input flow, but some other may not
be disturbed bythe changeandmay stay in aractivatedstate. Thisextra duration othe output flow of a block icalled

inertia.
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Figure 19. (a) An activated block (b) The effect of inertia on the output flow

5.4. The block activation mechanism

The criterion signing the state of activatiéor the block fully matches with the ordefined for mental objects:

- an active block is ran across by a regular and intense internal flow, which origimatpdaa efferenexternal flow

- an inactive block on the contrary is ran across by pamidlinstable internal flows, circulating by puffsnd not
running completely across the blockhese flows daot involve anyregular efferenexternal flowand arethus unable to
durably switch flows in the network. These partial flows take part in the basic activity of the network, while maintaining a
variable set of mental objects in an activated state.

The block activation phenomenon matches also with the one exposed for mental objects: an activation imgurdssary
and there is a threshold effetinlike mental objects for which the state has only two valuescandistinguish for the
blocks many activation leveksccording tothe intensity of internal flows. Thus, in amactivatedblock, the more the
internal local flows will be numerous, closis block will be to activationThese various levels adfitensity ininternal
flows define the levels of activation of the block.
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Figure 20. Mental Objects Blocks, activation level and activation impulse

Figure 20 schematizeseveralblocks of mental, arbitrarilgalled objects OM123, OM24aAndOM332, and anactivation
thresholdstandardizedor all the blocks. Given these conventions, only the block OM12a&civated. The impulses for
activating the other mental objects are measured bglistence tothe activation threshold. Thus, the imputscessary to
the activation of the block OM247 is definitely lower than the impulse necessary for the activation of the block OM332.

The level of activation has a major functional consequence: the reactivity of the biacke@sedvhen met by atimulus.

In other words, becausachblock of mental objects is in an unstable state of activation, the fwaivaydsthe activated

state is fast under the effect of a stimulus. Closer is the block to the threshold of acbe#diethe arrival of the signal
likely to cause activation, smaller is the necessary impulse to swing the block to its threshold (figure 20).

The inactivated blocks, which do not efficiently switch flows in the network, present a localisspogadicactivity, which

is irregularand related tahe activatedsubset of mental objects which compose them. Summation of thews¥sed
activities form a basic activity in the network, above which one observes traidesierecactivity of the activatedblocks.

The mental object model considers this basic activity as a facilitating factor for network reorganization.

6. THE PERMANENT BLOCK



Due to the mental objects inertia, blocks theat large enoughand have quitelong spatialand temporal linesbecome
permanent, which means they always have a slight level of activation. Precisely, a special constraint katisfeedéor
permanent blocks to be brought up: the largest number of the mental objects belonging to the block showitetdar
from the primary areas in which the signal flows coming from the environment reach the CNS. These mentaltotiects
are activatedhrough long mental objects linéisereforeonly weakly depend onthe real-timesignal flow driven by the
environment constraints and structures. Themeivemost of their input flow from other mental objeetsd contribute to
activate mental objects of the same kind, taking their place in the basic activity of the network.

Permanent mental blocks, whitlave such an organizatioare completelyreactivated byexternal events assual, but as
they have a great inertia they stay in thdivatedstate for a much longgreriod oftime than theduration ofthe external
event itself. Later on, their activation level is decreasing with passing Bierenanent mental bloclgovide asupport for
concepts and give a mechanism dimderstandingnteractionsbetweencognitive representatiorendspontaneous cognitive
reorganization.

6.1. The stability and functional organization cost

This section describes the natural tendencgtability emerging from the hebbigraradigm,andsome of itsconsequences
such like defining a zerocost operating network. Hebb's law, which controls learning at the cellular levellotala
mechanism for each cell. In spite of this local dimension, Hebb's law however has consequences &rgemacadie. This
sectiondevelopsthe globaltendency taostability resulting from this learningaradigm,and the potential conflictavhich
such atendency induces ithe network. For example, blocks stabilization results from solving such corifétigen
mental objects.

6.1.1. The natural tendency to stability

The idea that there would exist in the network a nateralency tostability mayappearshocking, for exampléecause it
seems to oppose creativijmdimagination that human beings exhibitery day Any oppositiondisappears ibne takes
into account the influence of the scale factor. Tr&lency tostability doappear athe circulating flowsscale level in the
network, but itdoesnot imply any symbolicsignificance nor any specific behavioral expressiwot, more than itdoes
modify the physiology of the neurons conveying these flows. The range of this tendency is limited to some levels of scale.

At the circulating flowsscalelevel, thetendency tostability has a significant role. It is a regulatitactor for conflicts
between flows and an organization mechanism generator to be added to the ones already ekfopagdensuch as spatial
and temporal interferences.

The origin of thistendency isextremelysimple. According toHebb's law,eachneuron tends to regulates operating by
stabilizing its effective connections. Considering just the first higher scale level, i.e. the level of a loopedaiifariting

active connections results intendency tomaintain aregularflow circulation in the loop. Thigattern can beepeated
upward from every scale level to its upper sdaleel. Starting from the cell level, we go through the |l@oplthe double
loop level, then through the mental objects chaim$block level to the top level which is globalbpnsideringflows in

the network. The global tendency to regularity is then an emergent property of the netwadkeas Gnsequence aising

the hebbian paradigm into neural cells.

Any event thatreaksthe regularity of flowsandthus opposing this spontanedesdency, is docal violation of this
general law. However the interactiobstweentwo mental objects often come from conflictsiofluence on the cells and
structures that may be in thange ofboth mental objectsThese conflicts of influenceanthus causelocal ortemporary
violations of the globatendencythese violationdinding a resolution inagreementwith the generallaw throughflow
reorganization in the network.

6.1.2. The ideally operating network and cost zero

A network ideally operating wouldimply respectthis spontaneoutendency toharmoniousand regular flow circulation.
Ideally operating is theespect ofHebb's law akvery scaldevel from neurons to all the highscalelevels in which we
described some more complex organization patterns: loops and mental objects, sets of mental objects.

A mental objects network in which one observes a harmorandsegular circulatiorflows definesthe ideally operating
network. By convention, the operating cost of thetwork respecting thgeneralizedorm of Hebb's law is "costero".
This qualitative definition of cost zero gives an absoteferencewhich will allow to measurghe quality of thenetwork
operating.Indeed,with the reference of arideally operatingnetwork, the flow irregularitydefinesthe principle of an
interaction cost measurement. Any possaudielitionalcost ismeasured compared tbe ideally operating networkvhose
cost is zero.



Let us explain this quite abstract definition in a coherentcandreteexpression. In theloubleloop model, any instability

in the mental object stafgroduces docal flow instability in thenetwork since theefferentflow of the mentalobject

changes. This unstable state prevents the repetition of flow which is necessary for the neurons to stabilize their connections.
For thisreasonthe mental object state instability, that is to say the instability ofithuble loop flows supporting the

mental object, is a violation of Hebb's law. Thus, it is coherent to consider the unstable state of a mental objesstas the

unit for measuring interactions costs in the networkadndlition toits memorystorage function, the mental object has a
functional cost unit for network operating measurement.

6.1.3. The non ideal organization cost unit

Since the general rule is the harmamdthe regularity of flows, any interactidmetween structures dfie networkwhich
locally breaksthis regularity generates aadditionalcost of operatiorcompared tahe ideally operatingnetwork. Spatial
interactions between mental objects and conflicts of influence exemplify such additional costs.

It should be noted that the network physical operating is rigorously not altered by these additional costs. The exigence of th
neurons constituting the network is not threatened, but as the flow circulation is subjecteeffectbeofthe conflicts, the

weights of connections made inactive will decrease. The additional cost generated by an unstable mental object is thus a cost
of the organisational type: the functional organization of the netwonkodified. The spontaneous evolution of the blocks
organization, explained in the following sections, illustrates these effects.

The comparing function of the mental object playlsimdamentarole in establishing aequivalence betweethe mental
object activated state and the regularity of flowgiine. Thepermanence othe activatedstate testifies the flowegularity
and, conversely, this regularity results in a permanent activated state.

Thus the mental object, comparing and switching flows over time, is the means byavehaitwncoded atthe scale level
of the network structure the organizational modifications happening at higher scale levels. The mental objéstdbatike
support of the functional organization downto the most elementary components of the network. Thegaeadigmthus
appear to have emergent effects that apply to the neural cells from the global double loop organization.

6.1.4. The intrinsic compatibility between mental objects

Defining an organizational cost makes it possible fopblserver to conceive grimitive form of intrinsic compatibility

between mental objects in the network. Are regarded as compatible mental objects respecting the general form of Hebb's law,
i.e. whose external flows reinforce each othedeed,when interacting, such mental objects do generateany additional

functional cost, because there is no violation of Hebb's law.

6.2. The internal reorganization of permanent blocks

Every permanent block is a set of many mental objautkindergoeghe effects ofinteractionsbetweenthem, i.e.spatial
chaining and temporal phase effects, as well as #ifects of permanensignal flows (figure 21a). Because ofthese
interactions, the structure of mental blocks is a dynamic one and reorganize itself urutessliee of interactivexchanges
with environment selecting the most compatible mental objects in the block (figure 21b). Indeed, at the vegcébevast
neural networks with mental objects, every learning prodepsnds orsignal exchangesonly repeatecevents mayead to
stabilizing a double loop structure while reaching a steady state.
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Figure 21. Spontaneous block reorganization when being continously feeded by signal flows

Mental objects belonging to the samermanent bloclare saidcompatible witheachother compared tothe elementary
principle, i.e. Hebb's law, that rules tmetwork at the cell level. Such compatible mental objdetge positive
interactions, either through spatial or temporal interferences.



7 CONCLUSION

This paper presented the double loop reinforcement learning model in which double loop mental objects are the basic unit for
memory storagend operations. Furthermore, tlioubleloop concept standeut for the mutualreinforcement between a
connectionist structure and the dynamic signal flow underlying interdependence.

Due to the double loofeedbackthe classical Hebb's law algorithieads topermanent learning ispite of afeed-forward
network architecture. As a dynamic object, the double loop is a signal flow comparison qualifier oadtiaflew carrier

in the network. Thus a signal flow modification is amplified tehange inflow propagation in the network. Changing in
the scale of effects arises from this property of flow switching. Signal filterirgnasherconsequence afsing thedouble
loop pattern as a signal flow carrier in the network.

Learning in the double loop model results from the functional cooperation between a local structural mechahisib$.e.

law) and a global dynamic phenomenon (i.e. the circulating flow). As well as with classical implementation of Hebb's law,
emergent effects from the cell level to the network lewel expectedistributed storage of representations is on¢hese

and it is observed.

The mental object block, an organized set of mental objecfgpfosed ashe support forelementary asvell as complex
concepts. Mental blocks share interaction mechanisms with mental objects but, due to their multidimensional structure, they
have special properties such as the functional organization cost, here defined as a local Hebb's law violation.

In addition, the double loop modallows Hebb's law to support positive interactitmesweenthe functional flowand the
connectionist structure, that is from the upper organization level (the loop) to the lower (the cell). As leaanmevex,
we observe emergent effects from the network ldegin tothe cell level, which turn out to givensupervised learning a
general bi-directional frame.
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