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INTRODUCTION

Perhaps every one of us has more than once been in
a situation when one was unable to recollect a word
needed at the moment, being though absolutely sure it
was not forgotten but kept safe “somewhere deep in
memory,” which was indeed confirmed afterward as in
a few hours or a few days the word that could not be
recalled anyhow (usually a name of a person or a geo-
graphical place) itself “surfaced from memory.” This phe-
nomenon, vividly described by Chekhov in his short story
“A Horsy Surname” [1], since the late XIX century is
marked in the scientific literature as a special psychologi-
cal condition [2], called the “tip-of-the-tongue” state, or
“blocking” [3, 4].

Investigation of spontaneous memory blocking,
being of doubtless interest for basic science, is also
important in the applied aspect, as it can expedite prac-
tical means of correcting this cognitive defect. The need
for such means rises in the modern epoch in connection
with its two characteristic features. One is the con-
stantly growing extent of “informatization” of all
aspects of life of the society, which places high
demands for memory efficiency on actively working
persons. The other is the demographic shift toward lon-
gevity and, consequently, the larger fraction of elderly
people, whereas the risk of memory blocking increases
with age.

In the present work, the problem of memory block-
ing is examined from the standpoint of the feasibility of
building mathematical (computer) neural network
(NNW) models of this phenomenon. First we review
the results of experimental psycholinguistic and neuro-
biological studies concerned with memory blocking.
Then we formulate the main questions ensuing from

these results, and attempt some answers by building
and assessing an appropriate NNW model.

EXPERIMENTAL FACTS RELATED 
TO BLOCKING

Even everyday experience reveals two most charac-
teristic features of memory blocking: risk increasing
with age, and more frequent blocking of proper nouns
versus common nouns. Because of this combination,
the inability to recall a name is often the main (or the
sole) complaint of elderly people, marking the age-
related changes in cognitive ability.

These rules are indeed objective and are confirmed
experimentally. Proof has been presented [5–8] that the
incidence of blocking positively correlates with age. In
particular, when examinees were asked to register all
cases of memory blocking over a month, the blocking
frequency proved higher in older persons [5, 6]. To add,
in all age groups the majority of cases involved proper
nouns, mainly names and surnames of people out of
contact for a long time. Common words that were
blocked were those rarely used in the language. Pro-
nounced deterioration of the ability to recall proper
names has been noted in altitude hypoxia [9].

Convincing support of the association between the
affiliation of a word with a certain semantic category
and the possibility of its recollection has been obtained
in observations of patients with brain disorders. Thus
there was a case [10] when a patient showed no deteri-
oration with respect to common nouns but was virtually
unable to recall any proper names—be it people, pets,
buildings, trade marks, etc. Conversely, other patients
[11, 12] were incapable of recollecting common nouns
but could remember names of famous persons or coun-
tries. In still other cases the patients could not recall
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personal names but remembered geographical names
[13–17], to the extent when geographical names were
the only category of retrievable words [16]. Memory
disorders may concern concrete words only [18] or
conversely, only abstract ones [19], only names of liv-
ing beings [20–22] or only inanimate objects [21]. Cases
are known with even narrower categories blocked—
body parts [23, 24], fruits and vegetables [25], ani-
mals [26].

Observations of patients with partial brain lesions
also allow some conclusions about the association of
blocking in various word categories with particular
regions of the brain. Thus there are reports on selective
blocking of people’s names upon local damage to the
left temporal lobe [13–15, 27–30]. In one case [23]
resection of the anterior part of the left temporal lobe
impaired naming of body parts.

In a number of neurobiological studies, the brain
regions associated with memory blocking were sought
for with modern noninvasive techniques of registering
brain activity (fMRI, PET, ERP, MEG), which can be
applied to healthy persons. Thus [31] functional mag-
netic resonance investigation (fMRI) revealed that
human name recollection is linked to the anterior part
of the left temporal lobe, and that recently memorized
names also require activity of the right temporal lobe.
The anatomical localization of brain activity in recall-
ing various word categories, such as verbs and nouns
(and among nouns, narrow groups such as tools, food
products, body parts, etc.) is confirmed by many other
instrumental investigations [32–35].

The overall pattern of the processing of lexical
information in the human brain that emerges from such
studies can be summarized as follows [36]. First, the
regions involved in lexical activity are not homoge-
neous but consist of small isolated spots of activity
linked to various linguistic components (this first of all
pertains to accessing phonetic information via the mid-
dle temporal gyrus, where the local activity is tightly
connected with the semantics of the analyzed word).
Second, such activity is not restricted to the classical
lexically oriented regions (inferior frontal [Broca’s]
gyrus, Wernicke’s zone and angular gyrus) but expand
onto the superior left temporal gyrus, temporal pole,
lingual and fusiform gyri, medial prefrontal zone and
insula. Third, the localization of brain lexical activity is
more adequately described in linguistic terms (phonol-
ogy, syntax, semantics) than in terms of action (listen-
ing, pronouncing, reading).

PUZZLES OF MEMORY BLOCKING

Analysis of the above experimental facts gives rise
to several questions about the particular neuropsycho-
logical manifestations of memory blocking; it is desir-
able to get answers at the level of the basic NNW mech-
anisms underlying these manifestations.

First, the blocking phenomenon vividly demon-
strates the difference between the awareness of the per-
son trying to reproduce some information that it is con-
tained in his/her memory and the inability to retrieve
this information. What are the NNW bases of this dif-
ference?

Second, the extent of blocking is associated with the
semantics of the blocked information. What is the
NNW basis of this linkage? And in this connection,
what are the mechanisms whereby information of dif-
ferent semantic categories is located in different cortex
regions?

Third, the blocked information is often recollected
after some time. How can this event be explained in
NNW terms?

Fourth, why do unfavorable factors (aging, hypoxia)
selectively aggravate blocking of certain word catego-
ries, such as proper names? What specific changes are
caused by these factors in the cerebral NNW perfor-
mance?

Here we try to answer the first of these questions by
building a NNW model of recognition.

NEURAL NETWORK MODELING 
OF RECOGNITION AND RECOLLECTION

The dramatic contrast between being sure of pos-
sessing some information and being unable to extract it
may be explained, at least partly, by the objective dif-
ference between the mechanism of familiarity recogni-
tion and the mechanism of recollection. This difference
is revealed experimentally. For instance, having been
presented several thousand images, examinees could
almost unmistakably tell whether they have already
seen the next image shown, whereas the capability of
detailed reproduction was substantially lower [37].

NNW modeling of recognition is based on the find-
ing that the energy function of a Hopfield network [38]
takes larger values for memorized images than for
newly presented ones [39].
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) is a function equaling –1 for nonpositive
and +1 for positive argument values. The synaptic
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It has been shown [42] that the maximal number of
images that can be presented to the Hopfield network
and then recognized as familiar by the corresponding
energy (3) with less than 1% error, equals 0.023

 

N

 

2

 

; at
large 
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 this is orders of magnitude greater than the
maximal number of images that can be memorized by
the network to be fully reproducible, 0.145

 

N

 

 [39]. The
same work [42] also describes some architectures of
NNWs that can provide biologically plausible calcula-
tions close to those required by (3), without substantial
decline in the number of images memorizable for rec-
ognition.

We offer a new NNW model of recognition, also
based on a modification of (3) but, in our opinion, more
naturally matching the Hopfield network. The modifi-
cation consists in replacing the inner sum in (3) with its
sign (we also discard the multiplier –0.5 as insignificant
in this context):
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whereupon the appropriate calculation can be per-
formed with (1), the basic formula for neuron state
dynamics. After this (4) converts to

(5)

Hence, the “familiarity function” E*(t) simply equals
the scalar product of neuron state vectors in two con-
secutive time steps. Maximal E*(t) is reached in the sta-
tionary points of the network, characteristic of memo-
rized images, for which xi(t + 1) = xi(t); while for new
images, when xi(t + 1) is in fact a random transform of
xi(t), the E*(t) is close to zero. The product (5) can also
be obtained with (1), whereby in fact we calculate the
scalar product of the {wij(t), j = 1, …, N} vector of
weights from each neuron to i by vector {x1(t), x2(t), …,
xN(t)}. We must simply replace {wij(t), j = 1, …, N}
with {wij(t + 1), j = 1, …, N} = {x1(t), x2(t), …, xN(t)}
and {x1(t), x2(t), …, xN(t)} with {x1(t + 1), x2(t + 1), …,
xN(t + 1)}. This can be done by introducing an addi-
tional “recognition neuron” N + 1, the weights to which
{wN + 1, j(t + 1), j = 1, …, N} at step t in accordance with
(2) are taken equal to {x1(t), x2(t), …, xN(t)}, assuming
that earlier weights {wN + 1, j(t), j = 1, …, N} are “forgot-
ten” and zeroed, and that neuron N + 1 is in active state.
Then at step t + 1 according to (1) we perform scalar
multiplication of these weights by input vector {x1(t +
1), x2(t + 1), …, xN(t + 1)} and take the sign of the result

(6)

This completes the recognition, giving an active
state xN + 1(t + 1) = +1 for a familiar input image {x1(t),
x2(t), …, xN(t)} or inactive state xN + 1(t + 1) = –1 for an
unfamiliar one. The advantage of this scheme over
those mentioned above [42] is that calculations at step t
are performed not by an additional special network, but
by the basic Hopfield network plus just one terminal
recognition neuron. The network is outlined in the
figure.

It can be shown that the memory capacity of a NNW
based on the familiarity function E*(t) is 0.0185N2,
insignificantly lower than the 0.023N2 [42] obtained
with the energy function E(t). Thus, a quadratic depen-
dence of the number of recognizable images on the neu-
ron number can be obtained with a simpler NNW
mechanism; this argues in favor of that in some form
such a mechanism can be realized in the brain, and is
responsible for the contrast between recognition and
recollection in memory blocking.

The details of calculating the network capacity are
given elsewhere [43].
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Scheme of a neural network for image recognition based on
the familiarity function.
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