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Abstract One way of maintaining information in working
memory is through attentional refreshing, a process that was
recently shown to be independent from verbal rehearsal. In the
classical working memory complex span task, the usual as-
sumption is that memoranda are refreshed in a cumulative
fashion, starting from the first item, going in a forward order
until the latest one, and cycling until there is no time to con-
tinue the process. However, there is no evidence that refresh-
ing operates in that way. The present study proposes a com-
putational modelling study, which constitutes a powerful
method to investigate alternative hypotheses. Different re-
freshing schedules are investigated within computational im-
plementation of the time-based resource sharing model. Their
ability to fit three sets of behavioral data and to reproduce the
major time-based resource sharing predictions were evaluated
using standard model selection criteria. Besides an already
published schedule in which the attentional focus is expanded,
it appeared that one schedule, the least-activated-first, outper-
forms the classical cumulative one. The memory trace
refreshed at a given time is the one that is the least activated
in working memory at that time. These findings characterized
the time course of attentional refreshing in working memory
and specified the contribution of refreshing to primacy and
recency effects. Moreover, in the light of various fields of

cognitive psychology, we propose that such refreshing sched-
ules can operate without a homunculus within a general
framework including cognitive control and strategic
considerations.
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Attentional refreshing

Working memory (WM) is a system devoted to the immediate
storage of information that we all use in our daily life to main-
tain information for short periods of time while performing
other activities. Because of forgetting, a specific maintenance
mechanism called refreshing has been proposed to preserve
memory traces and hence to allow the recall of previously
encoded items (Barrouillet & Camos, 2015; Cowan, Saults,
& Elliott, 2002; Hudjetz & Oberauer, 2007; Johnson, 1992;
Johnson et al., 2005; Raye, Johnson, Mitchell, Greene, &
Johnson, 2007). For several years, different studies based on
behavioral or neuroimaging data have tried to describe this
phenomenon (e.g., Raye et al. 2007; Vergauwe, Camos, &
Barrouillet, 2014; Vergauwe & Cowan, 2015). A solid under-
standing of refreshing is crucial because decay-based theoret-
ical models of WM are grounded in this mechanism. The
present study therefore proposes a complementary approach,
computational modeling, with the aim of specifying the mech-
anism of refreshing through the simulation of its time course
within a classical WM task.

Such a task is typically a serial recall task, where partici-
pants are presented with items that they have to recall, in
forward order, at the end of the trial. To study more precisely
how items are maintained in memory throughout the trial,
distracting tasks are intertwinedwith the presentation of items,
to form the so-called complex span task (CST). A simple
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example of such a task consists of presenting a sequence of
letters and digits to be read (e.g., one every second, partici-
pants being asked to recall only letters, in forward order, at the
end of the trial). The task could be extended in many ways, for
example, by varying the number of items to be remembered,
the type of items (letters, symbols, images, etc.), the type of
distractors and the nature of the distracting task (visual search,
reading aloud of letters or words, naming images, etc.), the
number of distractors, the degree of similarity between items
and distractors, the repetition or not of distractors, and the
duration of presentation of items.

Several kinds of theoretical models account for human per-
formance in such CST. Among them, decay-based models
(e.g., Anderson, Reder, & Lebière, 1996; Barrouillet &
Camos, 2015) presume that items are represented along with
a level of activation that directly influences the probability of
recall. Attention plays a major role in these models; when
attention is not directed to an item, for example, because of
processing a distractor or encoding another item, its level of
activation decays. When attention is not occupied by
performing a distracting task or by encoding items, the free
time is proposed to be used to refresh items, namely, pulling
up activation values of items to be maintained. It is worth
noting that other WM theoretical models deny the existence
of decay-based forgetting in WM and rather consider that
memory loss is due to interference (e.g., Oberauer,
Lewandowsky, Farrell, Jarrold, & Greaves, 2012). However,
this study does not enter this debate, and the current trend is to
consider that both decay and interference actually occur
(Altmann& Schunn, 2012). The work presented here depends
on this decay-based view and focuses on the specification of
the refreshing mechanism.

Actually, there are two mechanisms for compensating the
decay of verbal memory traces. The first one is phonological
rehearsal (Baddeley, 1986). This consists of the conscious
articulatory repetition of the verbal items to be maintained,
vocally or subvocally, in a forward-order loop as long as there
is time to do this. As mentioned above, it has been proposed
that a second mechanism, usually called refreshing, is used by
participants (Camos & Barrouillet, 2014; Cowan et al., 2002;
Hudjetz & Oberauer, 2007; Raye et al., 2007). This is de-
scribed as a general attention-based maintenance mechanism
(Barrouillet, Portrat, & Camos, 2011; Camos, Mora, &
Oberauer, 2011; Cowan, 1999, 2005; Johnson, 1992;
Johnson et al., 2005; Raye et al., 2007). A precise definition
of refreshing is still not consensual nowadays. Nonetheless,
we will see that it could be considered as an executive func-
tion, Bone of the most elementary, but critical, components of
reflection^ (Johnson et al., 2002, p. 64), which operates in
WM as an additional maintenance mechanism (Camos &
Barrouillet, 2014) by retrieving previously presented informa-
tion through attentional focusing (Loaiza & McCabe, 2012;
Vergauwe & Cowan, 2015).

The idea of two forms of verbal maintenance mechanisms
was already proposed during the development of Baddeley’s
multicomponent model (Vallar & Baddeley, 1982), but this is
only recently that evidence for another mechanism, attentional
and independent from rehearsal, has been provided (see a
review by Camos & Barrouillet, 2014). For instance, in
Camos, Lagner, and Barrouillet (2009), the opportunity of
using one of the maintenance mechanisms was manipulated
while the other was impeded in complex span tasks. In an
experiment, the phonological rehearsal was impeded by a con-
current articulation whereas the availability of attentional re-
freshing was varied by a distracting task that was more or less
attention demanding (e.g., reading vs. solving operations). As
expected, although participants recalled a substantial amount
of memory items, reducing the availability of one mechanism
while the other was impeded had a detrimental effect on recall
performance. Moreover, it was possible to observe the classi-
cal phonological similarity, or word length effects in the one
hand or a cognitive load effect on the other hand, depending
on whether participants were instructed to maintain items
through either phonological rehearsal or attentional refreshing
respectively (Camos et al., 2011). These findings, and others
in the same vein (Camos, Mora, & Barrouillet, 2013; Mora &
Camos, 2013) support the idea that verbal information can be
maintained in WM by both attentional and phonological
mechanisms both dealing with different features of the to-
be-maintained information.

Another set of evidence for the dissociation between those
two processes comes from neuroimaging studies. While artic-
ulatory rehearsal has been shown to recruit speech-related
cortical regions, such as Broca’s area and premotor cortex
(Smith & Jonides, 1997), refreshing corresponds to the inter-
vention of the dorsolateral prefrontal cortex (Raye et al., 2007;
Raye, Johnson, Mitchell, Reeder, & Greene, 2002).

The specific role of refreshing, compared to the phonolog-
ical mechanism, has been clarified byMarcia Johnson’s work.
In her MEM (multiple-entry, modular) memory model, she
described a WM framework in which several processes
allowed people to sustain, organize, and retrieve information.
Among these, refreshing permits the reactivation of memory
representation, whereas rehearsal refers to subvocal articula-
tion (Johnson, 1992). Through a simple and clever paradigm,
a condition requiring refreshing is contrasted with conditions
involving other processes, mostly reading or repeating
(Johnson et al., 2002; Johnson, Mitchell, Raye, & Green,
2004; Johnson et al., 2005; Raye et al., 2002). For example,
participants were first presented with single words that they
had to read silently. Some of the words were followed by the
same word (repeat condition) and others by a dot, signaling
participants to think of the immediately previous word
(refresh condition). The results consistently showed a long-
term memory benefit from refreshing information in contrast
to repeated information (e.g., Johnson et al., 2002). These
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results could be linked to the death of processing theory (Craik
& Lockhart, 1972): The deeper the encoding, the better the
recall. Actually, a deep encoding involving controlled atten-
tion such as refreshing should lead to more stable memory
traces than a superficial mechanism dealing only with phono-
logical features.

In the specific context of WM complex span tasks, it has
been shown that the more refreshing opportunities an item
receives, the more likely it is to be recalled from episodic
memory during a delayed recall (Camos & Portrat, 2015;
Loaiza & McCabe, 2012; McCabe, 2008). To verify that this
beneficial long-term effect of refreshing was not related to any
maintenance mechanism, Camos and Portrat (2015) also ma-
nipulated the availability of phonological rehearsal. While the
increase of refreshing opportunities leads to better recall in
both immediate and delayed tests, the addition of concurrent
articulation reduced immediate but not delayed recall. This
study again suggests that an additional maintenance mecha-
nism leading to stable and durable memory coexists with the
well-known articulatory rehearsal, which concerns ephemeral
phonological features.

Very recently, it was shown that refreshing is akin to mem-
ory search, both relying on a Bbasic covert memory process
that quickly retrieves the memory items into the focus of at-
tention, thereby reactivating the information^ (Vergauwe &
Cowan, 2015, p. 1001). The authors used a WM complex
span task, in which participants had to memorize a series of
red letters while concurrently performing a processing task on
intertwined black letters. This task consisted of judging the
location of the letter (upper or lower part of the screen), judg-
ing the alphabetic position of the letter (before or after the
letterO) or, in a memory condition, judging if each black letter
was present in, or absent from, the red list presented so far.
Because the alphabetic task prolonged attentional capture
compared to the location task, poorer recall performance
was expected and indeed was observed in this particular con-
dition. However, even if the memory condition would also
prolong attentional capture compared to the location condi-
tion, such forgetting was not expected and indeed was not
observed. These findings suggested that memory items are
reactivated during the memory search required for the memo-
ry condition of the processing task, as if those periods of time
were directly used for refreshing per se.

Several findings thus support the existence of an attentional
maintenance mechanism called refreshing, but the question of
how items are refreshed is open. Regarding phonological re-
hearsal, except under times of high pressure, it appears that
participants tend to rehearse verbal items using a cumulative
forward-order strategy, starting from the first item on the list
and proceeding in order until the last item encoded so far is
reached (Tan & Ward, 2008). However, the strategy for re-
freshing is much less clear because it is a very short covert
process that is harder to study. Several attempts have been

made to estimate the time needed to refresh a single item. In
a WM paradigm, when participants are allowed to postpone
the processing of a distractor, Vergauwe et al. (2014) found
that each additional item in the memoranda extended this
postponement by about 40 to 50 ms. In the same way, the
study of Jarrold, Tam, Baddeley, & Harvey (2011) estimated
the refreshing duration of a given item to be about 41 ms,
because they observed a linear trend between the distractor
response time and the position of this processing episode in
the memory list. Finally, Vergauwe and Cowan (2015) also
found that refreshing would take about 40 ms.

However, these estimates of refreshing duration are not
informative about the way this refreshing mechanism takes
place. The aforementioned behavioral studies depend on a
basic assumption: the refreshing mechanism acts just as the
rehearsal mechanism described in Baddeley’s model
(Baddeley & Hitch, 1974). When participants have enough
time, they engage in sequential and cyclical attentional re-
freshing, focusing on the items to be maintained, starting from
the first item on the list and going in a forward order until the
last one and cycling until there is no more time (Loaiza &
McCabe, 2012;McCabe, 2008). This hypothesis is sometimes
taken for granted, as, for example, in Vergauwe et al. (2014):
BBecause attentional maintenance proceeds in a cumulative
fashion, maintenance-based postponement of processing
should linearly increase with the number of items to be
maintained^ (p. 1073). Unfortunately, as far as we know, there
is no direct evidence that refreshing acts as such a cumulative
mechanism. The goal of the present study is thus to consider
alternative schedules, using a computational modeling ap-
proach to provide evidence for the time course of refreshing.
To this end, we simulated the effects of different refreshing
strategies and compared the outcomes to published behavioral
data collected through experimental studies in adults
(Barrouillet, Portrat, & Camos, 2011; Barrouillet, Portrat,
Vergauwe, Diependaele, & Camos, 2011) as well as to the
predictions of a well-known time-based WM theory, time-
based resource sharing (TBRS; Barrouillet & Camos, 2015).

The TBRS model is particularly suitable for such investi-
gation because it is Bthe first attempt to specify the processes
underlying complex span performance^ (Oberauer &
Lewandowsky, 2011, p. 11), the complex span task being
the best framework to study attentional refreshing as indicated
above. In addition, TBRS has been described in a computa-
tional model (TBRS*; Oberauer & Lewandowsky, 2011),
which is the only attempt to implement closely the details of
the verbal theory. Although TBRS* is rather recent, its param-
eters have been tested several times on different experimental
data and showed reliable stability. Initially, Oberauer and
Lewandowsky (2011) tested their model on seven different
datasets. Portrat and Lemaire (2015) relied on another set of
experimental data. Portrat, Guida, Phénix, and Lemaire (2016)
applied TBRS* to data involving chunking, and Hoareau,
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Lemaire, Portrat, and Plancher (2016) used TBRS* to account
for WM aging. All of these studies converged on the same set
of parameters except for the study of Hoareau et al. (2016),
where some parameters had to be modified with respect to the
particular aging population examined. The current TBRS*
parameters can therefore be considered as steady.

TBRS* implements a cyclical cumulative forward-order
refreshing mechanism, which resembles rehearsal, and sets
the duration for refreshing a single item to an average of 80
ms. The authors mentioned that they considered other refresh-
ing strategies but found that these were not satisfactory, mean-
ing that none of them showed a better simulation of the human
performance than cumulative refreshing. They tested a proce-
dure which, for each new refreshing episode, continued with
the next list item instead of the first list item and started over
with the first item only after encoding a new item. This did not
improve the model. These authors also tested a refreshing
strategy that Bfocuses on the last encoded item^ (Oberauer
& Lewandowsky, 2011, p. 21) as well as a random strategy
that picks items with equal probability. None of these possible
implementations of refreshing was satisfying, because they do
not reproduce the primacy effect. The authors eventually con-
sidered a procedure that refreshes only those items that were
below maximal activation but found no difference compared
to the current cumulative forward-order strategy, which is the
hypothesis that was finally proposed.

However, recent findings suggest a need to reconsider
that cumulative strategy (Portrat & Lemaire, 2015).
Computational simulations with the TBRS* implementation
containing a cumulative forward-order strategy predict that,
under time pressure, the last items cannot be considered in
the refreshing cycle. Even under major time pressure, when
there are just a few hundreds of milliseconds between
distracting episodes in a CST, adult participants are still able
to recall the last items of a list, corresponding to the well-
known recency effect. For example, Barrouillet, Portrat,
Vergauwe, et al. (2011) present the results of an experimental
condition in which participants had to maintain up to seven
items while performing a visually distracting task every 790
ms, which needed an average of 400 ms to be performed,
leaving less than 400 ms to refresh items. TBRS* predicts that
the last items would be poorly recalled, because they would
hardly be refreshed, compared to the first items which would
be constantly refreshed at the beginning of each refreshing
opportunity. Behavioral data run counter to this prediction
(Portrat & Lemaire, 2015): Participants showed around 50%
of correctly recalled items at Positions 5 and 6, whereas the
predictions of the model implementing the cumulative
forward-order refreshing were much lower and forecast al-
most 0% at Position 6.

One reason the model fails to reproduce the recency effect
in such rapid conditions is the duration needed to refresh a
single item, which is set to an average of 80 ms (Oberauer &

Lewandowsy, 2011) and thus generally prevents the sixth item
from being refreshed if the free time is about 5 × 80 = 400 ms.
As presented above, recent experimental results suggest a re-
freshing time of about 40 ms, but this shorter value is not long
enough to reproduce the recency effect. The model needs to be
adjusted, with a duration for refreshing a single item of 10 ms
to account for the data (Portrat & Lemaire, 2015). This is
neither cognitively plausible, nor supported by behavioral da-
ta. Therefore, it is likely that participants do not engage in a
cyclical sequential forward-order strategy at each refreshing
opportunity.

A first alternative is to consider that several items are
refreshed at the same time, within a larger attentional focus,
an idea that has been implemented (Portrat & Lemaire, 2015)
and which is in line with Cowan’s (2005) proposal of a flex-
ible focus of attention. A cumulative forward-order refreshing
mechanism performed within a focus of attention that can
handle four items at the same time has demonstrated its ability
to reproduce behavioral data (Portrat & Lemaire, 2015).
However, this new model was compared to data obtained in
a CSTwhere participants performed the processing task silent-
ly. Hence, as mentioned above, recall performance could have
been mediated by both rehearsal and refreshing. Therefore, a
refreshing mechanism based on focusing on more than one
unit at a time cannot be taken for granted. It has to be tested
with other behavioral data and compared with other possible
schedules. To our knowledge, only one attempt has investi-
gated different schedules to date (Oberauer & Lewandowsky,
2011). Nevertheless, these authors did not simulate all the
schedules they presented, ruling out some of them on purely
theoretical grounds. Also, they suggested that Bthe onus is
now on decay theorists to propose a schedule that brings their
theory in line with the data^ (Oberauer et al., 2012, p. 797). By
implementing different refreshing mechanisms within the
TBRS* model, the present study proposes to fill this gap.

Several other refreshing mechanisms are thus explored.
Our approach was to implement these refreshing mechanisms
within the TBRS* default model and to evaluate their ability
to (a) fit behavioral data already published (Barrouillet,
Portrat, & Camos, 2011; Barrouillet, Portrat, Vergauwe,
et al., 2011) and (b) reproduce the major TBRS predictions
through a fictional set of experiments that were proposed by
Oberauer and Lewandowsky (2011, Simulation 1).

Alternative options for the time course
of the refreshing mechanism

To accurately predict behavioral data, and especially the re-
cency effect in rapid conditions, the refreshing mechanism
should restore the balance between items of a given series,
which is the main defect of the cumulative approach because
this gives too much weight to the first items. Here are the
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seven refreshing schedules that we considered (the first four
being derived from Oberauer & Lewandowsky’s, 2011,
proposal).

Cumulative forward-order refreshing

This is the mechanism presented above and implemented by
Oberauer and Lewandowsky (2011). When there is free time,
positions are considered in turn, starting with the first one. For
each position, an item is retrieved and refreshed during a fixed
period of time. If there is still free time after all the positions
have been considered, another cycle starts.

Random refreshing

Since it appeared that the drawback of the sequential model is
a fault in refreshing the last items, we defined a baseline strat-
egy that would cause refreshing to operate uniformly over the
different items. At each refreshing opportunity, a position is
randomly selected, the corresponding item is retrieved and
refreshed for a fixed time, then another position is randomly
picked, and so on, until there is no time left because a new
distracting task has to be performed or a new item has to be
encoded. Oberauer and Lewandowsky (2011) implemented
such a random strategy, picking items with equal probability
and found it unsatisfactory because it did not reproduce the
primacy effect.

Last encoded item refreshing

Oberauer and Lewandowsky (2011) suggested a schedule in
which only the last item encoded is refreshed. From a theoret-
ical point of view, it is obvious that the primacy effect should
disappear with such a schedule, but we implemented it even
so.

Below activation threshold refreshing

Oberauer and Lewandowsky (2011) also considered a sched-
ule that would refresh only those items that are belowmaximal
activation. Since activation follows an asymptote that by def-
inition cannot be reached, there is no maximal activation val-
ue. We therefore considered different thresholds under which
refreshing is performed. When all activation values are over
the threshold, the model enters into the cumulative mode for
one cycle. Oberauer and Lewandowsky ruled out this sched-
ule, arguing that it would not be different from the classical
cumulative strategy, because items whose strength is close to
the asymptote do not gain further strength from refreshing,
whether they are skipped or not. This is true; but not refreshing
an item would save time for refreshing other items, which
could make a difference, especially when there is not much
time for refreshing. We implemented this possibility.

Least activated first (LAF) refreshing

This refreshing mechanism would first consider the position
whose corresponding item is the most likely to be forgotten
(i.e., the one whose activation value is minimal). The idea is
that the least activated item has priority for refreshing. After it
has been refreshed, the same procedure applies and once again
the least activated item (which could be the same one) is
refreshed and so on. This strategy was implemented by re-
trieving all items corresponding to all positions, then selecting
the least activated.

Probabilistic refreshing

This strategy is an expansion of the previous one. Instead of
putting all efforts on the least activated item, the idea is to
allocate this effort over all items, depending on their activation
value. Therefore, items are more likely to be refreshed if their
activation value is low. The probability of refreshing an item i
from a set S of items already encoded is:

p ið Þ ¼ 1−activation ið Þ
X

j∈S
1−activation jð Þ

: ð1Þ

This schedule was implemented like the previous one, ex-
cept that selection was random, based on the probability of
each item. For instance, if there are three items with activation
values of 0.5, 0.2, and 0.8, the least activated first schedule
would select the second item, whereas the current schedule
would select the first one with a probability of 0.33, the second
one with a probability of 0.53, and the third one with a prob-
ability of 0.13.

Expanded attentional focus

The refreshing mechanism with an expanded attentional focus
presented previously (Portrat & Lemaire, 2015) was also con-
sidered. Basically, up to four items can be considered and
refreshed in parallel during each refreshing episode of 80
ms, a duration which is the same as that proposed in the de-
fault model. For instance, if items K, V, P, X, N, T have to be
refreshed, the first four items K, V, P, and X are considered
first and refreshed in parallel for 80 ms, with a strength that is
shared among them. Then items N and T enter the focus of
attention and are refreshed in the same way and so on.

As a matter of principle, to provide suitable candidates for
this mechanism, a refreshing schedule should reproduce be-
havioral performance and especially the benchmark findings
in immediate serial recall: primacy and recency effects.
However, it is hard to make a precise prediction about which
schedule is likely to reproduce the observed amplitude of pri-
macy and recency effects. This is because it is the complex
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combination of refreshing and decay functions on hundreds of
episodes within a trial that create these effects. Under these
complex conditions, simulations are particularly useful.
Indeed, it is not possible for us humans to predict what is
going to happen to each of the letters to be maintained that
have been subjected to a number of variations in their activa-
tion. Effectively, these variations depend on several factors
such as the length of the list, the position of the letter in the
list and the temporal characteristics of the processing task.
Nevertheless, based on previous results (Portrat & Lemaire,
2015), a simple prediction could be made: schedules that do
not allocate refreshing episodes on all items of the list should
not produce the recency effect when time constraints are too
strong.

Computational simulations

These refreshing schedules were implemented within the com-
putational TBRS* model mentioned previously (Oberauer &
Lewandowsky, 2011). This computational model simulates a
participant performing a CST by memorizing items in a two-
layer network that connects item nodes to position nodes, and
recalling the items at the end of the experiment.

Figure 1 displays the two-layer structure of the model as
well as an example. Basically, each item is represented by a
node in the item layer, and each position is represented by a set
of nodes in the position layer, such that adjacent positions
share a particular proportion of nodes. Memorizing an item
at a given position requires connecting the item node to the
position nodes. Recalling an item at a given position involves
selecting the one that is the most associated with that position.
An experiment is defined by several variables: the number of
items, the duration of their presentation, the number of
distracting episodes between each presentation of items and
the average duration of each distracting episode. The mean
time taken by participants to respond to distractors is usually
used as an estimation of the attentional capture induced by the
processing task and is given as input to the model.

For instance, a simulation could be to memorize items B,
K, N, G, V, each one being followed by four distracting epi-
sodes presented every 2 seconds and each one processed for
an average of 600 ms. TBRS* reproduces the four basic op-
erations of a CST: encoding items, processing distractors, re-
freshing memory traces, and recalling items:

& Item encoding is performed by strengthening the links
between the item node and nodes coding for the current
position, for an average duration of 500 ms.

& Distractor processing is not simulated per se, but its effect
is realized by applying an exponential decay function to
the item-position links during attentional capture by the
distracting task.

& Refreshing occurs during the free time that follows the
encoding of items or the processing of distractors.
Previous positions are considered, and for each one, an
item is retrieved. The retrieved item is the one whose
sum of connections to the current position is maximal,
after a Gaussian noise has been added to each candidate
item to mimic retrieval errors. This retrieved item is then
refreshed by strengthening the link to its position for an
average time of 80 ms. Because of the Gaussian noise, a
wrong item can be sometimes retrieved, refreshed and
then later erroneously retrieved again. In cases where all
activation values are below a threshold of 0.1, no item is
retrieved and thus no refreshing occurs. It is precisely at
this stage that different schedules described above are
implemented.

& Recalling items follows the same mechanism as retrieval.
It is performed by selecting the most activated item con-
nected to each position node in turn.

TBRS* is based on several parameters, such as the rate of
encoding, the decay rate, the average duration of encoding,
and the standard deviation of the retrieval noise. To model
human variability, some parameter values are merely means
from which the model draws a stochastic value. The details of
these parameters are described by Oberauer and
Lewandowsky (2011; see also Portrat & Lemaire, 2015).

Simulation of Experimental Data 1

Experimental data

The experimental data to which the outcomes of the various
models were compared was that published by Barrouillet,
Portrat, Vergauwe, et al., (2011). In their experiment, young
adults performed a WM CST. They were presented with a
series of seven consonants to be remembered, each consonant
being followed by either four or eight black squares that were
successively displayed in one of two possible locations; either
the upper or the lower part of the screen. As soon as a square
was displayed, participants were required to press one of two
keys according to its location. The squares appeared at slow,
medium, or fast paces, with one square every 1,180 ms, 980
ms, or 780 ms. Experimental conditions were thus defined by
these three paces and two numbers of distractors (4 or 8),
resulting in a total of six conditions labeled 4S, 4M, 4F, 8S,
8M, 8F.

Simulations

The distracting tasks were not simulated per se. Only the es-
timated duration of their attentional capture was taken into
account by the model. The experimental setup allowed
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measurement of the time between the onset of a square and the
response of the participant, which was considered to be the
duration of attentional capture and was used as such by the
model. The average time of the conditions 4S, 4M, 4F, 8S,
8M, 8F were respectively 400 ms, 388 ms, 393 ms, 395 ms,
389 ms, and 396 ms. The time remaining up to the presenta-
tion of the next distractor or item was therefore considered as
free time. For instance, in the 4M condition, a square appeared
every 980 ms. Since it took 388 ms to process that distractor,
there were 980 – 388 = 592 ms left to refresh items before the
next distractor or the next item materialized.

Since TBRS* is a stochastic model in which several pa-
rameters are defined as distributions rather than fixed values,
many simulations had to be performed. Each simulation of
each model in each condition was run 5,000 times. Table 1
displays the TBRS* parameters, which were all set to the
default values that are indicated in Oberauer and
Lewandowsky (2011, Table 3, p. 18).

Results

Figure 2 presents the seven models as a function of the serial
position of the letters to bemaintained in the series alongwith the
recall performance of human participants observed in Barrouillet,
Portrat, Vergauwe, et al., (2011). For the sake of clarity, and
because the pattern of results did not change as a function of
the number of distractors (Barrouillet, Portrat, Vergauwe, et al.,
2011), only the three pace conditions (each resulting from aver-
aging the performance on the four and eight distractor condi-
tions) are displayed. The below-activation-threshold schedule

having an extra parameter, nine thresholds were tested from 0.1
to 0.9, and only the best model is presented, corresponding to
thresholds of 0.8 (refreshing duration of 80 ms) and 0.5 (refresh-
ing duration of 40 ms).

Several findings can be highlighted. As already shown by
Portrat and Lemaire (2015), the default model (cumulative
refreshing) fails to reproduce the recency effect when the free
time is short, a drawback that we also mentioned previously.
When the refreshing duration Tr is set to 40 ms instead of the
80 ms default value, the results are slightly better, but the last
items are still poorly recalled. As expected, the model that
only refreshes the last encoded item is the worst one, since
all items except the last are forgotten most of the time. The
random model also appears to perform poorly, which is

Table 1 TBRS* default parameter values used in the present
simulations

Parameter Value

Position marker overlap (P) 0.3

Criterion for encoding (·τE) 0.95

Processing rate (R) 6

Standard deviation of processing rate(s) 1

Decay rate (D) 0.5

Refreshing duration (Tr) 80 ms and 40 ms (see below)

Threshold for retrieval (θ) 0.1

Noise (σ) 0.02

No free parameters were considered and no model fitting was therefore
necessary. Two sets of simulations were performed with a refreshing
duration (Tr parameter) set to the default value of 80 ms but 40 ms was
also used, since this is the value found by studies presented previously.

Fig. 1 Upper panel: Simulated time course of complex span task where
items J, N, H and F are encoded (light gray areas). Two distractors are
processed in between each letter presentation (dark gray areas). Free time
(white areas) is used to refresh items. Curves represent total activation
value of each item with respect to its position. Lower panel: Connections
between position units and item units. Each item is represented by a single
unit. Each position is represented by several position units. Black and
white squares represent position coding, that is, Position 1 is coded by

Units 3, 6, 8, 12, 13; Positions 1 and 2 share Units 3 and 8. Examples of
specific processes: (i) Item J is encoded and associated to all units of
Position 1; (ii) Item N is encoded and associated to all units of Position
2; (iii) all activation values decay during distracting task; (iv) during free
time, items are retrieved and refreshed for each position in turn; (v) during
the free time following the second distractor after item H was presented,
item H was erroneously retrieved at Position 2 instead of N. Then,H was
associated to all units of Position 2
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surprising because it involves a strategy that tends to consider
items throughout the series in a uniform manner. This finding
suggests that refreshing should not be equitable for different
items. Three strategies (LAF, probabilistic, and expanded at-
tentional focus) produced a recency effect, even at a fast pace,
although not as strongly as the human recency effect.

To measure precisely the error of each strategy in
predicting behavioral data, root mean square errors (RMSE)
were computed. Figure 3 presents the results for each experi-
mental condition (good models have low error values).

The LAF schedule and its probabilistic version appear to be
the best in all of the six conditions. The expanded attentional
focus schedule also shows very good performance. However,

the default cumulative schedule produced a poor fit in the two
fast pace conditions (4F and 8F).

The Akaike information criteria (AIC) is a more robust way of
comparing models. It takes into account the goodness of fit of
models with respect to experimental data and also their complex-
ity in terms of a number of parameters. It also takes into account
the data of each individual participant rather than relying on av-
eraged data. AIC requires computing of likelihoods, whichmeans
that probability distributions should be defined. Following
Lewandowsky and Farrell (2011), we computed a probability
distribution over the number of correctly recalled items for each
of the six conditions and each of the seven item positions over
four trials, using a binomial data model of the average percentage

Fig. 2 Recall performance of humans as a function of the serial position of items in the series (Barrouillet, Portrat, Vergauwe, et al., 2011) and produced
by the seven computational models with the refreshing duration Tr set at 80 ms (upper panel) or 40 ms (lower panel)

Fig. 3 RMSE between model performance and experimental data for the seven refreshing schedules and the six experimental conditions with the
refreshing duration Tr set at 80 ms or 40 ms
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of correct responses for the model under consideration. For in-
stance, suppose in condition 4M the random model has an aver-
age of 30% correct responses in Position 2. Since there are four
trials per condition, the binomial formula can be used to trace the
probability distribution over the five possible outcomes: 0, 1, 2, 3,
or 4 correct recalls in Position 2 (see Figure 4).

All experimental data are then considered individually to
compute individual likelihoods for each condition and each
position. To continue our example, if a participant correctly
remembered the second item in condition 4M three times,
according to the probability distribution this individual likeli-
hoodwill be 0.0756. This is not a good support for the random
model. Participants recalling only one item out of four would
lead to an individual likelihood of 0.41, which would be a
much better support for that model. The likelihood of each
model is simply the product of all individual likelihoods, for
all participants, all conditions and all positions (see Portrat
et al., 2016, for a similar evaluation method).

AIC is defined as -2log(L) + 2k, L being the likelihood and
k being the number of free parameters of the model.
Obviously, the lower AIC, the better the model. All our
models use eight free parameters except the below activation
threshold schedule where the threshold is an extra parameter
and the expanded attentional focus schedule for which the size
of the attentional focus can also be considered as an additional
parameter, although there is experimental evidence for the
reliability of this value. Since rawAIC differences are not easy
to interpret, we computed AIC weights that are viewed as the
probability of eachmodel being the best one (Wagenmakers &
Farrell, 2004). Table 2 gives the AIC values and their weights
for each of the seven models and the two refreshing duration
(Tr) values.

Once again, the LAF schedule appears to be the closest to the
experimental data. When the duration of individual refreshing is
set to 40 ms, differences between models are narrowed since a
shorter duration gives more opportunity to refresh the last items.
The three best schedules are still the same. The LAF schedules,
either in their raw or probabilistic versions, outperform the other

ones. To refresh memory items, participants tend to focus their
attention on items that are the most likely to be forgotten.
However, the expanded attentional focus schedule appears to
be a possible competitor to LAF schedules.

Simulations of experimental data 2

Experimental data

To check the robustness of previous results, new simulations
were performed in another experiment (Barrouillet, Portrat, &
Camos, 2011), with a different response mode for the
distracting tasks. In the previous experiment, where partici-
pants had to respond to the distractor by pressing a key, they
could have relied on articulatory rehearsal, instead of atten-
tional refreshing, as a way to maintain items. Nonetheless, it is
worth noting that it would have been quite difficult to rehearse
items in fast conditions. Indeed, the time pressure of the pro-
cessing task in such conditions would have seriously impeded
the mental articulation of lists containing up to seven letters.
However, to definitely rule out this argument, the current set
of data comes from an experiment in which participants had to
produce oral responses to the distracting tasks, since these
prevent an articulatory rehearsal strategy. In these experi-
ments, distracting episodes were Stroop-like tasks; partici-
pants had to respond out loud by either naming the color in
which a word appeared on screen (color Stroop task) or eval-
uating the number of a small set of stimuli (numerical Stroop
task). With such verbal distracting tasks, we can be very con-
fident that the recall performance collected depended primar-
ily on the refreshing mechanism that is under study here.

Participants were required to perform a CST as previously,
but the design was slightly different. They followed a span
procedure in which they had to recall lists of three, four, five,
and six items. After each item to be maintained, there were
eight distractors to process according to either a color or a

Fig. 4 Probability of correctly recalling N out of four items when the
percentage of correct responses at a given position is p = 30%

Table 2 AIC and weights for each of the seven models simulating
Experimental Data 1, in ascending order, for two different refreshing
durations (Tr)

Model Tr = 80 ms Tr = 40 ms

AIC Weight AIC Weight

Least activated first 3 830.7 1 3 796.7 1

Probabilistic 4 177.8 10-76 3 838.6 10-10

Expanded attentional focus 4 577.3 0 4 140.5 10-75

Below activation threshold 8 480.4 0 4 522.8 0

Cumulative (default) 9 200.7 0 4 523.5 0

Random 12 206.0 0 8 752.4 0

Last encoded 52 047.3 0 52 043.3 0
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numerical Stroop-like task. It is not important to specify in
detail the nature of these distracting tasks, since they are not
simulated per se (see Barrouillet, Portrat, & Camos, 2011, pp.
180, 191 for details).

Simulations

As explained above, only the duration of the attentional cap-
ture imposed by the processing tasks is taken into account by
the model. The average duration of processing activities for
the color Stroop task was 668 ms in the color-word condition
and 617 ms in the neutral-word condition. For the numerical
Stroop task, the mean response times were 603ms and 545ms
for the interfering and the neutral condition, respectively. As
previously, all parameters of TBRS* were set to their default
values and the two refreshing durations of 80 ms and 40 ms
were used. The number of runs was set to 5,000 per condition.

Results

Simulation results were assessed according to the two
methods presented above. First, serial position curves and
RMSE were used to evaluate the ability of the model to rep-
licate the average recall performance of humans. Then, AIC
measurements provided even more valuable data to compare
models by considering individual human behaviors.

Figure 5 displays the serial position curves of humans and
the three main models under consideration. When the refresh-
ing rate is set to the default value of 80 ms, the cumulative
schedule is still unable to account for the recency effect in both
color Stroop and numerical Stroop tasks. The expanded atten-
tional focus schedule seems to perform slightly better than the
least-activated-first (LAF) in reproducing human serial posi-
tion curves, which leads to a lower RMSE.

When the refreshing rate is set to 40 ms, all schedules
behave more or less in similar ways. For the color Stroop task,
averaged RMSE are 0.09 (cumulative), 0.09 (expanded atten-
tional focus), 0.11 (LAF), whereas for the numerical Stroop
task, averaged RMSE are 0.07 (expanded attentional focus),
0.08 (LAF), 0.08 (cumulative).

A raw comparison of averaged human data is therefore not
very informative. The cumulative schedule appears to be highly
dependent on the refreshing rate, which is not the case for the
other schedules that are quite robust. Taking into account indi-
vidual experimental data is then necessary. Table 3 shows the
AIC values for each experiment, in ascending order. Likelihood
values were computed as previously, except that the number of
trials in each condition was three instead of four.

The ranks of each schedule are almost the same in the
different sets of data, which indicates a high level of confi-
dence in the method. The results of the second simulation are
in line with the previous one, except that the expanded

attentional focus schedule then appears to be the best model,
LAF being the second best one.

Simulations of artificial data

We then performed another set of simulations to check wheth-
er the LAF schedule that is proposed in this paper could have
affected the general behavior of the TBRS* model and, in
particular, its ability to reproduce some of the classical WM
effects found in the literature. To that end, we simulated the
hypothetical experiment presented in Oberauer and
Lewandowsky (2011), in which the number of distractors in-
between each item presented were manipulated (0, 1, 4, or 8),
along with the duration of the attentional capture of distractors
(300 ms, 500 ms or 700 ms) and the free time following each
distractor (0 ms, 100 ms, 600 ms, 1200 ms, or 2000 ms).
Figure 6 shows the model performance as a function of the
free time and the operation duration for 8 operations per burst,
exactly as was done with the cumulative schedule by
Oberauer and Lewandowsky (2011).

It appears that the LAF schedule is able to reproduce the
cognitive load effect for the two refreshing durations. When
there is more free time after a given processing duration per-
formance increases and, inversely, when the attentional cap-
ture by the distractor increases for a given free time, perfor-
mance decreases. The new schedule we propose is therefore
able to reproduce the benchmark findings that support the
TBRS verbal theory. It is worth noting that the expanded at-
tentional focus schedule is also able to reproduce the cognitive
load effect in this fictional experiment.

Discussion

This study aimed at an in-depth investigation of a maintenance
mechanism, attentional refreshing, that is crucial in WM. It is
important to understand refreshing in detail, because it is an
elementary cognitive mechanism, which constitutes the key-
stone of the decay-based view of WM. However, specifying
the time course of this mechanism when taking place in WM
is difficult. Indeed, it is a very rapid mechanism that contrib-
utes to recall performance throughout the task, but which also
interacts with other mechanisms, phenomena or variables
(e.g., time-based decay, rehearsal, quantity of memory items),
these interactions still being underspecified. In such cases,
where researchers cannot fully specify how the elementary
mechanisms suggested by a theory combine because of the
complexity of the problem at hand, a powerful approach is to
implement these mechanisms in a computer and observe how
they combine. We therefore investigated different refreshing
schedules using a computational modeling approach within
TBRS* (Oberauer & Lewandowsky, 2011) of the TBRS
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verbal theory (Barrouillet, Bernardin, Portrat, Vergauwe, &
Camos, 2007).

Before going further, it is worth noting that the attentional
refreshing maintenance mechanism actually has two meanings
in the literature. First of all, it refers to the reactivation of a single
item during 40 ms or 80 ms (Jarrold et al., 2011; Johnson et al.,
2004; Johnson et al., 2005; Johnson et al., 2002; Oberauer &

Lewandowsky, 2011; Vergauwe et al., 2014; Vergauwe &
Cowan, 2015). We proposed elsewhere to call it Batomic
refreshing^ (Portrat & Lemaire, 2015). However, in the context
of WM and complex span tasks, refreshing also refers to a
broader general procedure aiming at maintaining memory traces
with the goal of recalling latter items. Indeed, following
Barrouillet, Camos, and colleagues, refreshing is viewed as a

Fig. 5 Recall performance as a function of the serial position of items in
the series observed by humans (Barrouillet, Portrat, & Camos, 2011) and
produced by the different models including cumulative refreshing,

expanded attentional focus, and least-activated-first refreshing, with the
refreshing duration Tr set at 80 ms (upper panel) and 40ms (lower panel)

Table 3 AIC (rank) and weights (Wgt) for each of the seven models using the color-Stroop and numerical-Stroop data, in ascending order, for
refreshing duration values (Tr) of 80 ms and 40 ms

Tr = 80 ms Tr = 40 ms

Color Stroop Numerical Stroop Color Stroop Numerical Stroop

Models AIC Wgt AIC Wgt AIC Wgt AIC Wgt

Expanded attentional focus 1 849 (1) 1 1 779 (1) .999 1 847 (1) 1 1 774 (1) .989

Least activated first 1 952 (2) 10-23 1 800 (2) 10-5 1 889 (2) 10-10 1 783 (2) .011

Probabilistic 2 111 (3) 0 1 985 (3) 10-45 1 924 (4) 10-17 1 799 (3) 10-6

Below activation threshold 2 782 (5) 0 2 552 (5) 0 1 893 (3) 10-10 1 818 (5) 10-10

Cumulative (default) 2 814 (4) 0 2 519 (4) 0 2 096 (5) 0 1 818 (4) 10-10

Random 3 109 (6) 0 3 419 (6) 0 2 603 (6) 0 2 649 (6) 0

Last encoded 17 982 (7) 0 20 701 (7) 0 17 962 (7) 0 20 694 (7) 0
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strategy that is chosen from among other possibilities such as
verbal rehearsal (Camos et al., 2011) and that could explain
why individuals differ in WM capacity both developmentally
(Camos & Barrouillet, 2011; Gaillard, Barrouillet, Jarrold, &
Camos, 2011) and in adulthood (Barrouillet, Lépine, & Camos,
2008). The present study goes further, by proposing that this
global strategic refreshing is composed of two subprocesses:
performing Batomic refreshing^ operations but, first, selecting
which item to reactivate at a given time. The subprocess that
selects the item to be reactivated is the one studied in the present
paper. Although the global refreshing strategy, as well as its
atomic refreshing component, have an attentional cost, the selec-
tion of the item to be reactivated could be rather automatic or
even automated with experience and development.

Refreshing schedules

The present study calls into question the classical cumulative
conception of refreshing which, akin to the well-known articula-
tory rehearsal, consists of a loop that would operate in forward
order from the beginning until the end of the series (e.g., Jarrold
et al., 2011; Loaiza &McCabe, 2012; McCabe, 2008; Vergauwe
et al., 2014). That cumulative schedule does not appear to accu-
rately reproduce the experimental data. A schedule based on an
expanded attentional focus, where up to four items can be
refreshed in parallel, accommodated the experimental data better,
replicating previous findings (Portrat & Lemaire, 2015).
However, the fact that several items could be refreshed at the
same time is under debate. Indeed, in general theories of cogni-
tion, it has been proposed that central cognition is serial
(Anderson, 1993; Newell, 1990). For example, in the ACT-R
model (Anderson & Lebiere, 1998) the atomic steps of cognition
consist in firing productions rules that are assumed to be fired
only one at a time. According to the concept of central bottleneck
(Pashler, 1998), central processes like response selection can only
take place one at a time and the following processes are thus
postponed. Moreover, regarding attentional refreshing, different
findings suggested that the size of the focus of attention is limited
to only one element (Garavan, 1998; McElree & Dosher, 1989;
Oberauer, 2002, 2005).

Hence, when restricted to the more consensual sequential
models, our simulations showed that one schedule outper-
forms all the others across three simulation sets. When the
least-activated item is refreshed first, the model reproduces
quite well the experimental data obtained by adults over three
different experiments and is also able to produce the bench-
mark findings that support the TBRS verbal theory. Moreover,
this new schedule is still compatible with the recent estimates
of about 40 to 50 ms to refresh a single item (Jarrold et al.,
2011; Vergauwe et al., 2014; Vergauwe & Cowan, 2015),
although being not as dependent on that specific duration as
the classical cumulative schedule. From a computational per-
spective, it is worth noting that this new schedule does not
require any additional parameters and thus did not require any
parameter fitting. This is an important result because it is eas-
ier to fit data well when a new degree of freedom is allowed.

One could wonder how the memory trace with the lowest
activation is selected. Our implementation on a sequential com-
puter processor consists of computing activation values of each
item in turn and keeping the minimum value. This has no resem-
blance to the way it would happen in a distributed architecture
like the human brain. The simulation of this sequential mecha-
nism implemented for the selection of the next to be refreshed
item did not have any cost. Hence, any other option, sequential,
parallel or brain-like, would have produced the same output. A
distinction should be made between a cognitive process and its
implementation (i.e., between the processes operating in a model
and the way they become operational). Marr (1982) proposed
that any system, natural or artificial, designed to perform an
information processing task can be described at three different
levels: the computational level (what the system does), the algo-
rithmic level (how the system does it) and the implementation
level (on which physical substrate). The LAF schedule was de-
scribed in this study at the computational level, without any
particular assumption as to how the appropriate item is selected
for the next refreshing step. Actually, there are different ways to
perform that schedule (i.e., to describe it at the algorithmic level).
Oberauer and Lewandowsky (2011, p. 33) believe that such a
mechanism would imply that an omniscient homunculus per-
forms the selection. This question applies to all the possible

Fig. 6 Model performance for the least-activated-first schedule as a function of the free time (in s) and operation duration (0.3 s; 0.5 s and 0.7 s; for eight
operations per burst) with the refreshing duration Tr set at 80 ms and 40 ms
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scheduling strategies: even the cumulative schedule requires a
mechanism to manage the move to the next position. This issue
is shared bymost of the currentWMmodels where the control of
WM resource assignments across different cognitive activities
remains unresolved (Baddeley, 2000; Cowan, 2005;
Barrouillet, Bernardin, & Camos, 2004; Engle, Tuholski,
Laughlin, & Conway, 1999).

Primacy and recency effects

The quality of a complex model is often assessed with respect
to its ability to explain strong effects found in behavioral data.
Primacy and recency effects are examples of such widely ob-
served markers, and it is worth studying to what extent they
depend on refreshing schedules. It is generally considered that
the primacy effect comes from the fact that the first items are
strongly encoded and refreshed, because they were alone at
the beginning of the trial, whereas the recency effect occurs
because last items did not have time to be forgotten. However,
the picture is probably more complicated than this. Primacy
and recency effects are strong markers that models should
reproduce, but their amplitudes are not well-specified yet, be-
cause they depend on interacting factors throughout a trial:
notably time-based decay and item reactivation.

At first sight, except for the last-encoded schedule, it seems
that all of our simulations reproduced the characteristic U-shape
which could indicate that primacy and recency effects do not
depend on the refreshing schedules. However, the amplitude of
these effects clearly depends on the schedule and thus on the
distribution of refreshing and decay episodes throughout the
trial. For instance, the cumulative and below-activation-
threshold produced a recency effect only at a slow pace, and
the primacy effect is very thin when considering the random
schedule. Another argument in favor of a relationship between
the recency effect and refreshing is that this effect disappears
when the last items are not refreshed. Indeed, at a fast pace,
simulations of the cumulative schedule show that the last item is
not refreshed at all. Although it was recently encoded, the last
memory trace cannot resist decay during the last refreshing
episode and during the recall step. As soon as the refreshing
schedule allows it, the last item is refreshed during the last
distracting episode and the recency effect is reproduced.
However, the poor result of the random schedule, which
operates in a uniform manner, showed that the refreshing pro-
cess is probably not fully equitable. Consequently, refreshing
probably contributes to the recency effect, although less strong-
ly than to the primacy effect.

Refreshing within the general cognitive system

As mentioned above, one would argue that a homunculus is
needed to select the least activated item in particular.
However, we believe that several arguments from various

fields of cognitive psychology could discard this argument.
First of all, Vandierendonck (2016) recently proposed a WM
system with a distributed executive control that functions
without any supra control such as a homunculus. According
to this framework, the executive control that is required to
select an action is mediated by the goal that is pursued in the
given cognitive task that requires this action. The homunculus
(referred as the central executive in Baddeley’s model) is de-
leted and replaced by three interacting components: acquired
procedural rules are executed through an engine if they match
the sum ofWM contents, including the task set maintained by
an executive memory. This proposal resembles the procedural
WM in Oberauer’s model (2009, 2010).

If we apply this theoretical model to the CST used in the
present study, several concurrent goal representations are
maintained during task execution. These goals can be de-
scribed as follows: encode some items, try to maintain them
as best possible and thus refresh them and process some other
items (e.g., judge the location of a square). According to
Vandierendonck’s model, the specific rules corresponding to
the processing goal are automatically triggered when they are
primed by the stimulus presented on the screen. For example,
when a square is presented, given that the square constitutes
an environmental change, the attention is captured, leading to
the start of the processing goal (e.g., location-judgment goal)
and to the run of the corresponding task. A process of inhibi-
tion prevents the activation of the memorization task, to keep
the processing task set dominant. Once the processing task is
over, the refreshing task set becomes dominant. Items are thus
refreshed until the next processing event. The rest of the trial
consists of switching back and forth between refreshing and
processing tasks. The refreshing mechanism would be trig-
gered when memory traces are close to being lost because
procedural rules are instated as a function of the WM content
and because the main goal is to maintain items at their best
despite a concurrent distracting goal. Hence, when refreshing
is possible, that is when attention is not captured by external
events, it would focus on the precise memory item that is in
need of refreshing (i.e., the least activated one). As we will
discuss later, this specific schedule is most likely to be acti-
vated when the task featured (e.g., the pace of the processing
activity) imposes a high maintenance efficacy.

Secondly, thanks to the self-organization of our cognitive
system (Perruchet & Vinter, 2002), it is probable that the next
item to be refreshed depends on its level of activation, and it
can be predicted from elementary learning processes. Since
the rhythm of alternating between distractors and refreshing is
constant within a trial and the number of items to refresh is
also known, the cognitive system can predict when to refresh a
specific item, given its previous activation value, without hav-
ing to constantly control current activation values. Let us draw
an analogy with a chef who is cooking different sauces at the
same time. He has to control several saucepans and has to mix
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each one regularly to avoid the contents from sticking. The
cumulative schedule would be to mix all the saucepans for a
short time in order. The LAF schedule would be to perform an
action on the saucepan whose contents are the most likely to
stick. This can be done in two different ways. The first consists
of quickly scanning all the saucepans’ contents and selecting
the one most likely to stick, then mixing that one before
starting again the scan of all saucepans. The second would
be to keep in mind the time at which a check is necessary
for each saucepan. Since the initial state of each saucepan is
known and the process of Bdecay^ of the content is also
known from experience, the chef can predict the state of each
saucepan without having to check them all visually. For in-
stance, he could know that a particular saucepan does not have
to be checked until, for example, every 2 minutes. Returning
to WM, not all item activation values have to be continuously
kept in mind to be able to select which item needs attention
and refreshing. Given that phenomenal experience is self-
organizing (Perruchet & Vinter, 2002), the process and rate
of decay of memory traces could have been learned thanks to
the many memorization situations experienced by an adult
throughout his life. This knowledge could thus allow the cog-
nitive system to select precisely the items that are in need of
refreshing at a given time.

As a consequence, it is not necessary to assume the existence
of a homunculus that manages refreshing strategies. We also
showed that the LAF schedule could be performed by the cog-
nitive system at the algorithmic level, without requiring a con-
stant scan of all items. As suggested earlier, it is possible that
when the cognitive load is not high, the cumulative schedule
works well, because under such conditions sophisticated sched-
uling is not that important. However, when the time pressure is
high, an ecological and efficient scheduling strategy becomes
crucial and priorities have to be set. Following Koriat (2005)
and Vandierendonck (2016), it may be considered that the differ-
ent schedules could be encoded in long-term memory as proce-
dures to achieve a goal (the goal being successful recall). Initially,
the use of such a procedure would require a lot of control, but
with practice, the method would become more automatic. It
could also be possible that the best two schedules (LAF and
expanded attentional focus) coexist and can be invoked in func-
tion of the characteristics of the task. The precise conditions that
would favor one schedule or the other still need to be delineated.
Moreover, it is even possible that both schedules combine and
operate at the same time for a given set of memoranda. For
instance, an expanded attentional focus schedule could reactivate
the n least-activated items.

To sum up, humans may dispose of several refreshing
schedules that are differentially started depending on intrinsic
(e.g., individual attentional capacity, Engle & Kane, 2004;
level of motivation and metacognition, Carretti, Borella,
Zavagnin, & De Beni, 2011) or external (e.g., instruction,
Campoy & Baddeley, 2008; concurrent processing task,

Camos, Mora, & Oberauer, 2011; acronyms in the
memoranda, Portrat et al., 2016) factors. The next step will
be to generalize or to specify the specific conditions under
which the LAF schedule and the expanded attentional focus
take place. Computational modeling seems to be a fruitful
method for investigating such a rapid cognitive mechanism.
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