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Working Memory Recruits Long-Term Memory When It Is Beneficial:

Evidence From the Hebb Effect

Eda Mizrak and Klaus Oberauer
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When encoding task-relevant information in working memory (WM), we can use prior knowledge to
facilitate task performance. For instance, when memorizing a phone number, we can benefit from recog-
nizing some parts as known chunks (e.g., 911) and focus on memorizing the novel parts. Prior knowl-
edge from long-term memory (LTM), however, can also proactively interfere with WM contents. Here,
we show that WM selectively recruits information from LTM only when it is helpful, not when it would
interfere. We used variants of the Hebb paradigm in which WM is tested through immediate serial recall
of lists. Some lists were repeated frequently across trials, so they were acquired in LTM, as reflected in
increasing serial-recall performance across repetitions. We compared interference conditions in which
that LTM knowledge could interfere with holding another list in WM to a neutral condition in which
that knowledge could be neither beneficial nor harmful. In Experiments 1-3, lists in the interference
conditions shared their items with the learned lists but not their order. We observed no proactive inter-
ference. In Experiments 4 and 5, the interference lists’ first three items overlapped exactly with the
learned lists, and only the remaining items had a new order. This made LTM knowledge partially bene-
ficial and partially harmful. Participants could use LTM flexibly to improve performance for the first
part of the list without experiencing interference on the second half. LTM-mediated learning of the first
part even boosted memory for the unknown second part. We conclude that there is a flexible gate con-
trolling the flow of information from LTM and WM so that LTM knowledge is recruited only when
helpful.
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When learning new information, we often rely on preexisting
knowledge that can facilitate learning. For instance, when
memorizing a new phone number, it can help to recognize
chunks that are familiar to us (e.g., 911, or one’s birth year).
By using prior knowledge that resides in our long-term mem-
ory (LTM), we can reduce the load on our limited-capacity
working memory (WM).

WM maintains goal-relevant information easily accessible for
as long as it is needed. It serves as a mental blackboard where we
can keep the information most relevant to the goal at hand and
build on this information. WM is capacity-limited such that only a
small amount of information can be held available in WM in an
accessible state (see Oberauer et al., 2016, for a review). LTM, by
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contrast, maintains our lifelong memories in a rather stable but
less accessible state compared with WM (see Cowan, 2008, for a
review of differences between WM and LTM). LTM is often
thought to be unlimited in storage capacity. Here we ask: What
happens when goal-relevant information consists of both novel
elements that need to be encoded and maintained in WM, and
known elements that are already stored in LTM? How do WM and
LTM interact with each other?

The interplay between WM and LTM has been a matter of
debate in the last twenty years. Theories that describe the architec-
ture of WM diverge in their views of how separated (Baddeley,
2000) or interconnected (Cowan, 2012; Oberauer, 2009) WM and
LTM are. However, all theorists agree that there is information
exchange between the two. Here, we will focus on one side of this
exchange; information flow from LTM to WM. Specifically, we
will test the flexible gate hypothesis (Oberauer, 2009), which states
that only LTM information beneficial for the function of WM is
allowed into WM, whereas LTM information that is possibly
harmful to the current task is blocked.

As in the phone number example, we should be able to use our
LTM when it has goal-relevant information, and this should help
WM. For instance, several studies found that when asked to recall
a list of items immediately after presentation, participants were
better at recalling the ones that consisted of well-known chunks
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such as “PDF,” or a learned pair of words, compared with the ones
that did not (Cowan et al., 2004; Portrat et al., 2016; Thalmann et
al., 2019). Two recent studies (Norris et al., 2020; Thalmann et al.,
2019) showed that not only memory for chunked items but also
memory for the items following a chunk were better remembered,
compared with lists that did not include any chunks. This suggests
that WM can draw on helpful knowledge in LTM, and this can
free up capacity in WM for information not directly supported
through LTM, improving overall performance.

However, information flow between LTM and WM is not nec-
essarily helpful. For example, if the information in LTM is similar
to but nevertheless different from the goal-relevant information,
one might erroneously rely on the LTM information (e.g., remem-
bering the chunk 911 when the new number contains the digits
912). If information in LTM related to the current contents of WM
is always automatically retrieved into WM, it would often interfere
with the WM task at hand. Therefore, to avoid proactive interfer-
ence from LTM, it would be useful for the cognitive system to
flexibly control the flow of information from LTM to WM.
Ideally, WM should rely on LTM when LTM knowledge is benefi-
cial, and not when it potentially interferes. According to the flexi-
ble-gate hypothesis, this is how the system works. The key
prediction flowing from this hypothesis is that LTM information
benefits WM performance when it matches the information that
needs to be held in WM (i.e., creates proactive facilitation) but
does not harm it when it mismatches (i.e., it does not create proac-
tive interference).

Recently, Oberauer et al. (2017) tested this prediction. Partic-
ipants first learned arbitrary colors of 120 unique objects. For
instance, in the learning phase a sofa was learned as being col-
ored in a shade of pink whereas a car was learned as being a
shade of green. After the learning phase, participants were
given a visual WM test in which three colored objects had to
be briefly remembered. One of them was a learned object pre-
sented in the same color (i.e., the sofa in the same pink),
another a learned object in a different color (i.e., the car in a
shade of orange), and the third a new object (i.e., a lamp in
green). After a brief delay they were cued with one of the
objects, presented in gray, and asked to recall its color in the
current trial by choosing it from a color wheel. Memory per-
formance for the objects whose color matched with previous
learning (here: the pink sofa) was facilitated in comparison
with new objects, suggesting a contribution of LTM. Memory
performance for the objects whose color mismatched previous
learning (here: the orange car) was not worse than performance
for new objects. This finding showed that the learned object
did not act as an automatic retrieval cue that brings its learned
color back into WM—if that were the case, it would interfere
with WM for learned objects’ new colors. Nevertheless, partici-
pants showed an above-chance tendency to report the LTM
color instead of the WM color for these objects (e.g., reporting
the car as green), yet this behavior did not decrease overall
performance for this condition. These responses might be at-
tributable to LTM information being used as a last resort in
the absence of WM information, rather than an obligatory
influx of information from LTM: The LTM information is used
only when there is nothing better at hand, so there is nothing
to lose from using it.

The study by Oberauer et al. (2017) provided evidence for pro-
active facilitation of WM by LTM combined with evidence against
proactive interference. The results were as predicted from the flex-
ible gate hypothesis. In the present series of experiments, we
intend to test the flexible-gate hypothesis further.

The Present Study

The aim of this study is two-fold: (a) We aim to generalize the
finding of Oberauer et al. (2017) using verbal material in different
memory tasks and test whether WM recruits LTM when it is bene-
ficial whereas there is no proactive interference from LTM to
WM. (b) We want to test whether the contribution of LTM to WM
is limited to instances in which LTM is fully beneficial, or whether
it is possible to benefit from partial LTM information and discard
the harmful parts from the same memory representation. To this
end we needed to create conditions in which LTM knowledge rele-
vant to the current demand for WM is completely helpful, com-
pletely harmful, or contains a mixture of both helpful and harmful
information.

We used a variant of the Hebb paradigm that is commonly used
to examine long-term learning of sequences in the context of imme-
diate serial recall (Hebb, 1961). In the Hebb paradigm, participants
study a list of items on each trial and are asked to recall them in se-
rial order immediately after presentation. On a subset of trials (typi-
cally every third or fourth trial), the study list is repeated whereas
the rest of the trials use new, randomly generated lists. Serial recall
performance gradually improves for the repeated lists (Hebb lists)
compared with the randomized lists (i.e., Filler lists). This effect
was replicated in several studies that used this paradigm (Cumming
et al., 2003; Cunningham et al., 1984; Fendrich et al., 1991; Obera-
uer et al., 2015; Oberauer & Meyer, 2009; Page & Norris, 2009).
Researchers hypothesized that over the course of repetitions, the
memory for the sequence of items in the repeated lists becomes
more and more robustly established in LTM. Accordingly, LTM
representations of the lists contribute to immediate serial recall for
the repeated lists (Burgess & Hitch, 2005, 2006; Page & Norris,
2009).

The Hebb paradigm is suitable for our aims because it already
shows that participants benefit from their LTM for the Hebb lists.
Modifications were required to test whether the knowledge about
the repeated list might create proactive interference with immedi-
ate serial recall of other lists. Proactive interference could arise if
information is retrieved from LTM that mismatches the informa-
tion to be maintained in WM. Retrieval of such information is
most likely if information involved in the WM task is related to
the mismatching information in LTM, so that the former could act
as a retrieval cue for the latter. This was the case in the study of
Oberauer et al. (2017): An object previously associated with one
color was presented with a different color in the WM task. At test,
the object was given as retrieval cue for reproduction of its color
in the WM task and therefore could have acted as cue to the previ-
ously learned color as well. Here we aim to create similar situa-
tions for the Hebb paradigm.

In the Hebb paradigm we know that information from LTM is
retrieved when it facilitates performance on the Hebb lists, but we
do not know what retrieval cues are responsible for this retrieval.
We consider three—not mutually exclusive—possibilities. The
first, tested in Experiments 1 and 2, is that the list items of the
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repeated list individually act as retrieval cues to the LTM trace of
that list. If that is the case, then the Filler lists in the standard Hebb
paradigm—which consist of the same items as the Hebb lists, but
in a shuffled order—would act as retrieval cues to the Hebb list as
well, and recalling the Filler lists could be impaired by proactive
interference. Therefore, part of the Hebb effect could reflect proac-
tive interference on the Filler trials. In Experiments 1 and 2 we

added a third condition — No-overlap Filler lists composed of
items from a separate set—that served as control condition for pro-
active facilitation on the Hebb trials, and proactive interference on
the traditional Filler trials, which we now refer to as Overlap Fill-
ers to mark the fact that they overlap with the repeated Hebb lists
(see Figure 1). If presentation of a list automatically brings to
mind LTM knowledge of learned lists of the same items, then

Figure 1
Design of Experiments 1-3
LIST TYPES - Experiments 1-3
No-Overlap No match or
Filler mismatch with
LPTSKXDB B
Hebb Match with
LT™M
NVFRQCYZ
Overlap Mismatch with
Filler LT™M
VRNYQFCZ

SERIALRECALL [ FNZRYCVQ |

1:?
2:?
CUEDRECALL | FNZRYCVAQ |
N?
1 2 3 ‘ [ 4 5 | s 7 1 8
1 : !
Note. llustration of encoding phase in Experiments 1, 2, and 3 for consonants. Trial types

and the design were the same for words. Study list items were presented sequentially and
centrally one at a time. No-overlap Filler list items are presented in a random order at each
trial. Hebb list items are presented always in the same order, and Overlap Filler list items
are presented in a random order at each trial. Overlap Filler list contents and Hebb list trials
consist of the same items. Serial Recall: Shown is an example of encoding and testing phase
for an Overlap Filler trial in Experiments 1 and 2. Participants were instructed to type the
items they studied in their order of presentation. They were given the serial position number
as a reminder and were asked to type the corresponding item from the current trial. If par-
ticipants typed in the Hebb list item for position 2 (e.g., “V”) instead of the current trial’s
list (e.g., “N”), this would be an instance of Hebb intrusions. Cued Recall: Example of
encoding and testing phase for Overlap Filler trial in Experiment 2. Participants were cued

with the item and were asked to select the position of this item in the current trial from the
response scale (for consonants: 1-8, for words: 1-7). If participants selected the Hebb list
position for this item (e.g., “1”) instead of the current trial’s position (e.g., “2”), this would
be an instance of interference. See the online article for the color version of this figure.
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Overlap Filler trials should suffer more proactive interference than
No-overlap Filler trials. This is because both kinds of fillers are
preceded by an equal number of lists using the same item set, but
in the case of Overlap Fillers, there is one such list learned
strongly in LTM (i.e., the Hebb list), whereas in the case of No-
overlap Fillers, there are only weak LTM traces of never-repeated
lists.

The second possibility—tested in Experiment 3—builds on
models of serial recall in which each list item is bound to a repre-
sentation of its ordinal list position, and at recall, the successive
list positions serve as retrieval cues to the items bound to them
(Botvinick & Watanabe, 2007; Brown et al., 2000; Lewandowsky
& Farrell, 2008). Based on this idea, we considered the possibility
that on Hebb trials the position codes acted as retrieval cues not
only to the items bound to them in WM but also to the items asso-
ciated to them in LTM through repeated exposure to the same list.
Although long-term learning of individual item-position associa-
tions has long been looked at with skepticism based on one study
(Cumming et al., 2003), two recent studies have demonstrated
long-term learning of item-position associations, raising the possi-
bility that they contribute to the Hebb effect (Majerus & Oberauer,
2020; Nakayama & Saito, 2017)." If that is so, then the position
markers used as retrieval cues on Overlap Filler trials could also
elicit proactive interference. It is difficult to create a control condi-
tion that involves serial recall but avoids using position cues, so in
Experiment 3 we changed the task to one in which participants
had to recall the list position, given an item as cue. This test uses
items as retrieval cues and the positions as targets and therefore
relies on item-position bindings, although using them in the
reverse cue-target direction compared with serial recall. The con-
trol condition then involved No-overlap Filler lists composed of
items from a separate set, so that the items used as retrieval cues in
this condition were not associated strongly to a particular list posi-
tion in LTM (see Figure 1 for an illustration of the conditions and
the test procedure).

The third possibility emerges from two computational models
of the Hebb effect (Burgess & Hitch, 2006; Page & Norris, 2009).
Although differing in many regards, these models share the
assumption that Hebb lists are learned in LTM as unified chunks.
This implies that their retrieval is not cued by reexperiencing the
individual items of the Hebb list in any order, and it is also not
cued by reengaging the same position codes. Rather, retrieval of a
chunked list representation relies on a match between the currently
presented list and the chunked list in LTM, and the computation of
that match is sensitive to the order of items. For instance, a learned
Hebb list ABCD has little or no match with a shuffled list CADB.

The two models differ in the details of how a list chunk is cued
and retrieved. In the model of Burgess and Hitch (2006), the match
computation is incremental: When a new list is presented, it is
used continuously as retrieval cue to reactivate in LTM all lists
that match the new list building up in WM. With every additional
item of the new list that retrieval cue becomes more specific, nar-
rowing down the set of activated LTM representations. As soon as
the mismatch between the current list in WM and a chunk in LTM
exceeds a threshold (which is a parameter in the model), that
chunk is rejected. In this model, the beginning of the new list is
the most important retrieval cue to LTM traces of matching lists.
Support for this assumption comes from experiments in which
only parts of a list were repeated across a subset of trials. This led

to improved serial recall only if the beginning of the list was
repeated, not when the end or some middle section was repeated
(Hitch et al., 2005).

In the model of Page and Norris (2009), chunks compete with
representations of individual list items for being selected for main-
tenance and subsequent recall. Chunk representations have a
chance to win that competition only after the list presentation is
finished and the activations of individual-item representations
have subsided. For the chunk unit to be sufficiently strongly acti-
vated at that point, the items of the learned list must have been pre-
sented at least approximately in the correct order—how good that
approximation needs to be depends on the model parameters. To
conclude, both models imply that retrieval of the LTM representa-
tion of a Hebb list requires an order-sensitive match between the
new list and at least a substantial part of the Hebb list.

To test this idea, Experiments 4 and 5 consisted of a learning
and a transfer phase. In the learning phase the Hebb lists were
fully repeated, and there were no overlapping lists. In the transfer
phase we introduced the Overlap Filler condition with lists that
matched the Hebb lists exactly in the first three positions, whereas
the last four items were presented in a new randomized order. We
hypothesized that the first three list items of the Overlap Filler tri-
als could act as retrieval cue to the matching Hebb list. We allo-
cated the partial match to the beginning of the list because partial
matches at the beginning have been shown to work best for elicit-
ing a Hebb effect (Hitch et al., 2005).

If the partial match of the Overlap Filler list with the Hebb list
is sufficient to trigger retrieval of the chunk of the Hebb list, par-
ticipants could utilize their LTM of the first three items for recall-
ing the Overlap Filler lists, and accuracy for these items should be
at similar levels with Hebb lists. If this is the case, we can con-
clude that the LTM representation of the Hebb list was retrieved.
In the models of Burgess and Hitch (2006) and of Page and Norris
(2009), a chunk is retrieved and used in an all-or-none fashion.
Therefore, if it is used to boost recall of the first three items of an
Overlap Filler list, it should also be used for informing recall of
the remaining items—and therefore cause proactive interference.
We will test for proactive interference from LTM by comparing
the performance of the last four items of Overlap Filler lists to the
control lists. If there is proactive interference from the LTM repre-
sentation of the Hebb list, performance for these items should be
lower than control lists. In contrast, if the gate is flexible enough
to make partial use of the LTM trace of the Hebb lists to assist
recall of the first part of the Overlap Filler list without suffering
proactive interference on the second part, then performance for
Overlap Filler and No-overlap Filler lists for the final four items
should be similar.

Experiments 1-3

Method
Participants
Twenty-five (six males), twenty-six (seven males), and twenty-

five (nine males) young adults (students from the University of

"It should be noted that in the study of Nakayama and Saito, item-
position learning was slower compared with the Hebb learning.
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Zurich) participated in Experiments 1, 2, and 3, respectively. Data
from two participants from Experiment 1 and from one participant
of Experiment 3 were excluded because of recording of incom-
plete data, leaving twenty-three participants for Experiment 1 and
twenty-four participants for Experiment 3. Experiments lasted
60-75 minutes. Participants were reimbursed with a course credit
or 15 Swiss Francs per hour for their time.

Numbers of participants were predetermined for all experiments
based on the previous studies from our lab using similar within-
subjects experimental designs. Because we analyzed the data with
Bayesian methods, we planned to increase the sample size in case
of ambiguous results (Rouder, 2014), although we saw no need to
do so for the present experiments.

Materials

Experiments consisted of word blocks and consonant blocks. In
word blocks, stimuli were two sets of seven monosyllabic German
nouns (drawn from the dlexdb.de lexical database). For each par-
ticipant, 14 words were randomly chosen from a pool of monosyl-
labic nouns consisting of 98 words. These 14 words were then
randomly assigned to the two sets. We made sure that the lists did
not consist of words which were high in semantic relatedness.
Stimuli for consonants were two nonoverlapping sets of eight con-
sonants randomly drawn from the 21 consonants of the German
alphabet. Hebb lists were repeated exactly across trials. Overlap
Filler lists consisted of the same set of stimuli as the Hebb lists but
shuffled in a new random order for each trial. No-overlap Filler
lists consisted of the other stimulus set, shuffled in a new random
order for each trial.

Procedure

The experiment consisted of two parts, with 64 trials each.
The first part tested lists of consonants, and the second part
tested lists of words. Consonant and word trials were analyzed
separately. There was one Hebb list for consonants (e.g., N, V,
F, R, Q, C, Y, Z) and one Hebb list for words (e.g., door,
side, pan, cat, wheel, dust, fan) for each participant. Each part
of the experiment consisted of 16 miniblocks of four trials. A
miniblock had two No-overlap Filler lists, one Hebb list, and
one Overlap Filler list.

In Experiment 1, the order of trials in a miniblock was always
the same: (a) No-overlap Filler list, (b) Hebb list, (c) No-overlap
Filler list, (d) Overlap Filler list. One disadvantage of such a fixed
order of conditions is that participants could learn when each list
type will be presented and adapt strategies such as using LTM on
the second trial of each miniblock and not using it on the fourth
trial of each miniblock. To prevent this possibility, in Experiments
2 and 3 the order of the lists within a miniblock was randomized,
with one constraint: The last trial of each miniblock must not be
the same list type as the first trial of the following miniblock. If
one miniblock ended with a Hebb trial, the following miniblock
started with either a No-overlap Filler or an Overlap Filler trial.

Each trial began with a central fixation point presented for
1,000 ms, followed by the study list presentation. Consonant lists
consisted of eight items, whereas word lists had seven items. Each
list item was presented for 500 ms for consonants and 1,000 ms
for words, one after each other, centrally. Following a 1,000-ms
delay, participants started the recall task.

Immediate Serial Recall of Items. In Experiments 1 and 2
we tested participants with an immediate serial recall test. Partici-
pants were asked to recall the list items in the order of their presen-
tation. To remind them of where they are in the list, they were
presented with the position of the next item in the list, starting
from 1, to the left of an empty box into which they were asked to
type the next item. After that, they pressed the return key and con-
tinued with the recall of the next item.

Immediate Cued Recall of Positions. In Experiment 3, we
used cued recall with the items as the cue and the list positions as
the recall targets. Presentation procedure and list manipulations
were exactly the same as Experiments 1 and 2. At test, participants
were presented with an item from the study list in the middle of
the screen. Below the item, there was a scale with 1 to 8 options
(for consonant lists) or 1 to 7 options (for word lists). They were
asked to select the position in which they had encountered this
item in the study list. At each trial, they were tested with all the
study list items one after another in random order. Positions al-
ready selected could be selected again for another item. Figure 1
depicts examples of a trial from this test in the bottom panel.

Data Analysis

Analysis of Immediate Recall Performance. To test our
hypotheses, we estimated a Bayesian generalized linear mixed
model (BGLMM) that was implemented in the R package rsta-
narm (Goodrich et al., 2020).

All experiments provided a binary dependent variable for accu-
racy. For Experiments 1 and 2 (as well as Experiments 4 and 5
below), a study item recalled in the correct serial position was
coded as correct, and a study item recalled in an incorrect position,
or a response that did not match any of the study list items, was
coded as incorrect. Experiment 3 was an item-cued recall task, in
which a response was correct if the participant chose the correct
position for the give item and incorrect if they chose another posi-
tion. Consequently, our model employed a binomial distribution
as conditional distribution with predictions based on a linear
model with a probit link function (i.e., a repeated measures probit
regression).

The fixed effects were list type (Hebb vs. No-overlap Filler vs.
Overlap Filler), stimulus type (words vs. consonants), and their
interaction. We used the maximal random-effects structure justi-
fied by the design suggested by Barr et al. (2013), which included
by-participant random intercepts and by-participant random slopes
for all fixed effects (as all factors were within-subject factors). We
also estimated the correlations between the by-participant random-
effects parameters.

We evaluated the findings from the BGLMM by examining the
posterior probability distributions of the estimated marginal
means of the fixed effects on the probability scale. In line with
the Bayesian framework, for statistical inference, we will inspect
the 95% credibility intervals based on the .025 and .975 quantiles
from the posterior distribution of the parameters. The true effect
is inferred to lie within that interval with a posterior probability
of .95.

For factor coding of both fixed and random effects, we used the
orthonormal contrasts suggested by Rouder et al. (2012) that
ensure an equal effect of the priors on all factor levels. Following
Gelman et al. (2014) we used weakly informative priors for all
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Figure 2

Proportion Correct of the Immediate Serial Recall of Items (Row
A and B) and Immediate Cued Recall of Positions (Row C) of All
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Lists of Experiments 1 (Row A), 2 (Row B), and 3 (Row C)
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Note. Colored circles and error bars represent estimated proportions and

95% Cls, respectively. X marks represent observed proportions. Overlap
indicates the model adequately describes the data. See the online article
for the color version of this figure.

parameters to facilitate convergence of the model. The priors for
the fixed effects were weakly informative ¢ distributions with four
degrees of freedom and scale 4. The variance-covariance matrix
was split into priors for the variances with Cauchy (0, 4) and for
the correlation matrix with LKJ (1) using the method of Lewan-
dowski et al. (2009).

The model was estimated using a version of Hamiltonian
Monte-Carlo in Stan (Carpenter et al., 2017). We estimated a total
of 2,000 samples in four independent chains with different random
start values. The first 1,000 samples were discarded as warmup
samples. Model convergence was assessed based on R* (all R" <
1.01) and visual assessments of chain convergence.

Our aim was to test whether there was proactive facilitation
and/or proactive interference from LTM to WM. Proactive facilita-
tion would be signaled by higher accuracy in the Hebb condition

compared with the No-overlap Filler condition. Proactive interfer-
ence would be shown by poorer performance in the Overlap Filler
condition compared with the No-overlap Filler condition. We
expect to also replicate the standard Hebb effect—better memory
in the Hebb than the Overlap Filler condition—but depending on
how our new No-overlap Filler condition compares with those two
conditions, the Hebb effect could arise from proactive facilitation,
proactive interference, or a combination of both.

Analysis of Responses Given to Overlap Filler List. We
wanted to test whether participants solely relied on their WM,
which consists of the current trial list, or also draw on information
from LTM (i.e., the Hebb list), even if it is not relevant to the cur-
rent trial in the Overlap Filler condition. To understand whether
there was any contribution from the LTM representation of the
Hebb list during recall of Overlap Filler lists, we compared the out-
put position of recalled items (i.e., the list position in the recalled
sequence) to two independent input positions, the input position of
the recalled item in the trial’s study list, and its input position in the
Hebb list. For example, consider the first Overlap Filler list trial
shown in Figure 1 (F—- N —Z - ...) and imagine a participant cor-
rectly recalls N as the second letter. In this case, the output position
of N is 2, the input position of N from the trial’s study is 2 as well,
and the input position from the Hebb list (see Figure 1) is 1. If the
LTM trace of the Hebb list has an influence on recall of Overlap
Filler lists, we should see that items are recalled closer to their input
positions in the Hebb list than expected by chance.

For analysis, we calculated two distance measures between the
output and the two input positions: WM distance and LTM dis-
tance. In each case, we subtracted the input position from the out-
put position (i.e., distance = output — input). WM distance is the
difference between output and input position from the trial’s study
list. Continuing the example above, WM distance for N is 0 (2 —
2). LTM distance is the difference between output position and
input position from the Hebb list. Continuing from the example
above, LTM distance for Nis 1 (2 - 1).

The distance scale for words (shown in the lower row of Figure
3) ranges from —6 to 6, the largest distances in a seven-item list
(7-1 or 1-7). However, the probability of obtaining each of the
possible values of the distance scale is not uniform. There is only
one possible combination of input and output positions resulting in
a distance of —6 or 6, respectively. In contrast, there are seven
possible combinations that would result in a distance of 0 (i.e., all
items recalled in the correct positions). Calculating the number of
possible combinations for each value on the distance scale shows
that this number has its maximum at 0, linearly decreases to each
side, and has a minimum at —6 and 6. Thus, if responses were ran-
dom (i.e., not based on study list input position), we would expect
a triangular probability distribution of the distances.? In contrast, if
participants use the study list position to guide their recall, they
have a higher likelihood of recalling an item in the correct output

2To visualize random responses, we generated data by randomly
sampling integers from 1 to the number of list items (e.g., for words, a
random sample from 1 to 7: 2-5-4-7-1-3-6) and calculated distances of
these responses from input positions 1 to 7. We plotted the distance
distribution based on this data and the shape of the distribution was
triangular (see Figure S1 in the online supplemental materials). The script
for generating the data and plotting the distance distribution is provided at
the OSF files.
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position (i.e., distance = 0), which would substantially increase the
probability of distance 0.

Additionally, the most common errors during serial recall are
confusions with close neighbors (i.e., predominantly distances of
—1 or +1, and less often —2 or + 2, etc.). Thus, if participants use
the study list position to guide their recall, we would expect to see
more shorter and fewer long distances than expected by chance.
Consequently, if participants use the study list position to guide
their recall, we expected that the distance distribution is centered
at 0 and steeply decreases toward —6 and 6, so that it is more
peaked and has longer tails than the triangular distribution. We
model this using a double exponential distribution, which is also
known as the Laplace distribution (see Figure 3 for an illustration
of the shapes of the two distributions).

For consonants, the same logic and predicted probability
distributions follows. The only difference is that there are eight
input and output positions, so that the distance scale ranges from
—T7to7.

We fitted both a triangular distribution and a Laplace distribu-
tion to the distributions of WM and LTM distances shown in Fig-
ure 3, separately for words and consonants. Each of the
distributions only had one free parameter and was centered at 0.
The triangular distribution was constrained to be symmetric with
the free parameter determining both minimum and maximum (i.e.,
minimum: the x axis value where y = 0). For the Laplace distribu-
tion, the free parameter determined the steepness of the distribu-
tion. We used maximum-likelihood estimation to fit the
distributions to the vector of distances across participants. Thus, a

Figure 3
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better fit of a distribution is indicated by a larger maximum log-
likelihood value.

Results
Recall Performance

Model convergences for all experiments were inspected, and all
R ~ were below 1.01. Figure 2 presents performance across list
types. Immediate recall was the best for Hebb lists and was at
comparable levels for Overlap Filler and No-overlap Filler lists for
both words and consonants. Table 1 presents the evidence for the
comparisons between lists that were our main interests. The pair-
wise comparison of Hebb and No-overlap Filler lists provided evi-
dence for proactive facilitation (i.e., Hebb > No-overlap Filler),
whereas performance of Overlap Fillers and No-overlap Fillers
was similar, providing evidence for the absence of proactive
interference.

These findings indicate that participants learned the Hebb lists
and were able to use what they learned (LTM) to guide their per-
formance. As explained above, if LTM interfered with WM, we
would expect lower performance for Overlap Filler lists compared
with the No-overlap Filler lists. However, this was not the case in
any of the Experiments 1 to 3.

Source of Responses to Overlap Filler Lists

Figure 3 shows the predictions from the best fitting Laplace
(solid line) and triangular distribution (dashed line) on top of the
distributions of distances from Experiment 1. Results strongly

Histograms of the Distributions of Working Memory (WM; Left Column) and Long-Term Memory
(LTM; Right Column) Distances for Consonants (Upper Row) and Words (Lower Row) in

Experiment 1
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Lines show predictions from best fitting Laplace distributions (solid lines) and triangular distributions

(dashed lines). WM distance is better fit with a Laplace distribution, whereas LTM distance is better fit with a
triangular distribution. Experiment 2 distributions were very similar to those from Experiment 1.
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Table 1
Summary of Results of BGLMM for All Experiments
Experiment Comparison Stimuli  Serial positions A 95% CI Evidence for Blocks
1 Hebb > No-overlap Filler Cons 1:7 0.154 0.109, 0.198 Proactive facilitation 1-4
Hebb > No-overlap Filler Words 1:7 0.232 0.173,0.293 Proactive facilitation 5-8
Overlap ~ No-overlap Filler Cons 1.7 0.0,201 —0.011,0.053  No proactive interference 1-4
Overlap ~ No-overlap Filler Words 1:7 0.0,121 —0.023,0.047  No proactive interference ~ 5-8
2 Hebb > No-overlap Filler Cons 1:7 0.116 0.070, 0.162 Proactive facilitation 1-4
Hebb > No-overlap Filler Words 1:7 0.137 0.096, 0.179 Proactive facilitation 5-8
Overlap ~ No-overlap Filler Cons 1.7 —0.001 —0.025,0.023  No proactive interference 1-4
Overlap ~ No-overlap Filler Words 1:7 —0.0,201 —0.051, 0.011 No proactive interference ~ 5-8
3 Hebb > No-overlap Filler Cons 1:7 0.136 0.093, 0.177 Proactive facilitation 1-4
Hebb > No-overlap Filler Words 1:7 0.146 0.107,0.184 Proactive facilitation 5-8
Overlap ~ No-overlap Filler Cons 1:7 0.011 —0.0,129, 0.034 No proactive interference 1-4
Overlap ~ No-overlap Filler Words 1:7 0.019 —0.0,122,0.045 No proactive interference ~ 5-8
4 Hebb > No-overlap Filler Words 1:7 0.235 0.187,0.277 Proactive facilitation 1-3
Hebb > No-overlap Filler Words 1:7 0.255 0.171, 0.342 Proactive facilitation 4-6
Overlap (SP4-7) > No-overlap Filler (SP 1-7) Words 1:3 0.142 0.068, 0.224  Proactive facilitation 4-6
Overlap (SP4-7) > No-overlap Filler (SP 1-7) Words 4:7 0.214 0.118,0.311 Proactive facilitation 4-6
5 Hebb > No-overlap Filler (SP1-7) Words 1:7 0.191 0.157,0.226  Proactive facilitation 1-4
Hebb > No-overlap Filler (SP1-7) Words 1:7 0.207 0.153, 0.265 Proactive facilitation 5-8
Overlap (SP4-7) > No-overlap Filler (SP1-7) Words 1:3 0.120 0.067,0.175  Proactive facilitation 5-8
Overlap (SP4-7) > No-overlap Filler (SP 1-7) Words 4:7 0.123 0.059, 0.187 Proactive facilitation 5-8
Overlap (SP4-7) ~ No-Overlap Filler (SP4-7) Words 1:3 0.002 —0.041,0.045  No proactive interference ~ 5-8
Overlap (SP4-7) ~ No-Overlap Filler (SP4-7) Words 4:7 0.0,107 —0.042,0.0,618 No proactive interference ~ 5-8

Note.

Shown are the experiment, the name of the pairwise comparison between list types, the stimuli type, 8, 95% ci of difference distribution, the hy-

pothesis the results provide evidence for, and the blocks the data for the analysis came from. A = M of difference distribution for two conditions given in
column “comparison”; positive values indicate the first condition is larger than the second. > indicates “bigger than” and ~ indicates “similar to”.

suggest that participants used only WM information in the Overlap
Filler trials and that there were no intrusions from LTM represen-
tation of the same items in different positions (i.e., position-item
interference).” For the WM distances (left column) the Laplace
distribution clearly fits best; the difference in log-likelihood was
over 1,800 in its favor for both consonants and words. For the
LTM distances (right column) we see the opposite pattern, sug-
gesting that participants did not use the LTM information in Over-
lap Filler trials. The difference in log-likelihood was 211 for
consonants and 182 for words favoring the triangular distribution.
Experiment 2 and Experiment 3 provided equivalent results (see
Table Al in the Appendix for the log-likelihood values for each
experiment). Figure 4 shows the predictions from the best fitting
Laplace (solid line) and triangular distribution (dashed line) on top
of the distributions of distances from Experiment 3.

Discussion

Results from Experiments 1-3 provided evidence for proactive
facilitation, reflected in better performance for Hebb lists com-
pared with No-overlap Filler lists, and no evidence for proactive
interference, as shown by comparable performance between Over-
lap Filler and No-overlap Filler lists. Additionally, when we exam-
ined the error distributions, we found evidence against the
assumption that responses in Overlap Filler trials were influenced
by the LTM trace of the Hebb list.

Apparently, participants used their LTM knowledge of the
Hebb list only when it was useful—on Hebb trials—but not when
it could have harmed performance—on Overlap Filler trials. Col-
lectively, our findings so far suggest that participants can flexibly
use LTM to improve their performance in a test of WM.

Experiment 4

All experiments above indicated evidence for the use of LTM
when needed and no use of LTM when it was irrelevant. This sug-
gests LTM supports WM when it is beneficial and does not inter-
fere with it when it is harmful. However, the three lists could be
differentiated from each other as soon as the list presentation
started. Already after seeing the first one or two list items, partici-
pants could have started using LTM for the Hebb lists and decided
to rely solely on WM after eliminating the usefulness of LTM for
the Overlap Filler list, as envisioned by Burgess and Hitch (2006).
This strategy could make the control of information flow between
LTM and WM relatively easy. In a similar vein, in the model of
Page and Norris (2009), the mismatch of order between the Over-
lap Filler list and Hebb list as a sequence would lead to at best
weak activation of the LTM representation of the Hebb list during
Overlap Filler lists. This weak activation might not have reached
the threshold for opening the LTM gate for WM. Collectively, the
findings from Experiments 1-3 support the adaptive use of LTM
in a WM test, but do not provide insight about how flexible the
gate between LTM and WM is, because the gate could be opened
or closed for an entire episode as soon as the utility of LTM was
assessed.

3 We also examined the possibility of intrusions driven by item—item
associations in LTM in Experiments 1 and 2. Item-item interference is
when one recalls, for instance, item V from the first Overlap Filler list of
Figure 1, and the next recalled item is item F, which is the item that
followed item V in the Hebb list, instead of item Q which is the correct
item in the Overlap Filler list. We found that these types of intrusions did
not exceed chance level. This analysis is provided in the online
supplemental materials.
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Figure 4
Histograms of the Distributions of Working Memory (WM; Left Column) and Long-Term Memory
(LTM; Right Column) Distances for Consonants (Upper Row) and Words (Lower Row) in
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Experiment 3
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Note. Lines show predictions from best fitting Laplace distribution (solid lines) and triangular distributions
(dashed lines). WM distance is better fit with a Laplace distribution, whereas LTM distance is better fit with a

triangular distribution.

Therefore, we wanted to go one step further and increase the
overlap between the two lists, making it harder to determine
the usefulness of LTM information during list presentation. In
Experiment 4, we introduced an overlap between Hebb and
Overlap Filler lists such that they shared the first three items
in the same positions. If the list-initial items of the current list
are particularly important as retrieval cues to LTM traces of
the Hebb list, as suggested by the findings of Hitch et al.
(2005), then this list-initial overlap could lead to retrieval of
the entire Hebb list in Overlap Filler trials. Using that LTM in-
formation would be beneficial for recalling the first three items
of the Overlap Filler lists but potentially interfere with recall-
ing the remaining four. Alternatively, the fact that the initial
match is followed by a mismatch between the current list and
the LTM representation of the Hebb list could block the latter
from being retrieved at all because the overlap between the
two lists is below a threshold (set to 60% by Burgess & Hitch,
2006). In that case, neither proactive facilitation nor interfer-
ence should be observed on Overlap Filler lists.

In the models of Burgess and Hitch (2006) and Page and Norris
(2009), a chunk encapsulating the entire Hebb list is retrieved and
used in an all-or-none fashion. Here we also consider the possibil-
ity that WM can draw adaptively and flexibly on LTM even within
an episode, on an item-by-item basis, using it only when it is bene-
ficial. If that is the case, we should see improved performance for
the first three items for the Overlap Filler list compared with the
No-overlap Filler lists, without impairment of recall of the last
four items.

Method
Participants

Twenty young adults (four males, students from the University
of Zurich) participated in this study, which lasted 60—65 minutes.
They were reimbursed with course credit or 15 Swiss Francs per
hour for their time.

Materials

For this experiment, stimuli were only words. We made two
sets of seven words, one for the Hebb and Overlap Filler lists and
one for the No-overlap Filler lists. The words were similar to the
ones from the Experiments 1-3. Hebb and Overlap Filler lists
were constructed from one set of words, No-overlap Filler lists
from the other. Overlap Filler lists were identical to Hebb lists in
the first three positions; the items in the remaining four positions
were ordered randomly for every trial. Therefore, we now call this
condition Overlap Filler (SP4-7) because only items from serial
positions 4 to 7 were randomized. The fourth item in the Overlap
Filler list could not be the same as the fourth item in the Hebb list.
This made it unambiguous on the presentation of the fourth item
that this list was not the Hebb list.

Procedure

Experiment 4 differed from Experiments 1-3 in the following
ways. The experiment consisted of six blocks of 16 trials, resulting
in 96 trials.
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The first half of the experiment (Blocks 1-3), referred to as the
learning phase, consisted of only Hebb and No-overlap Filler lists.
We wanted participants to first learn the Hebb lists well before we
introduced Overlap Filler lists. Each block consisted of four mini-
blocks, and each miniblock comprised two Hebb and two No-
overlap Filler trials. The order of Hebb and No-overlap Filler trials
in a miniblock was randomized with the constraint that the first
trial of a miniblock was not the same type of list as the last trial of
the previous miniblock.

The second half of the experiment (Blocks 4-6), referred to as
the transfer phase, introduced the Overlap Filler (SP4-7) condi-
tion. Each miniblock had one Hebb, one Overlap Filler (SP4-7),
and two No-overlap Filler (SP1-7) trials, presented in random
order with the same constraint as explained above (see Figure 5
for more details on the list types). In total there were 48 No-over-
lap Filler, 36 Hebb, and 12 Overlap Filler (SP4-7) trials.

Data Analysis

Immediate Recall Accuracy. Our analytic approach was sim-
ilar to the first three experiments, with some changes because of
the design changes: The analysis focused on comparing the three
conditions in the transfer phase. We dropped material as fixed
effect because there were only word lists.

Additionally, all lists were divided into two parts for the analy-
sis. Performance was averaged across serial positions 1-3 for the
first part, and serial positions 4-7 for the second part. This distinc-
tion was included in the BGLMM as a fixed effect. Evidence for

Figure 5
List Types Experiments 4-5

LIST TYPES - Experiments 4-5

proactive facilitation comes from performance for the first part of
Overlap Filler (SP4-7) lists being better than the first part of the
No-overlap Filler lists and comparable with the Hebb lists. Evi-
dence for proactive interference comes from performance for the
second part of Overlap Filler (SP4-7) lists being worse than for the
No-overlap Filler lists.

Responses From WM and LTM for Overlap Filler Lists.
We again calculated two distance measures, WM distance and
LTM distance, for the Overlap Filler (SP4-7) lists for Experiment
4. The procedure for calculating the distances was the same as
Experiments 1-3 with one difference. For this analysis, we only
examined the distances for the last four serial positions, as those
were the mismatching information between WM and LTM. For
this reason, we changed the distance range from —3 to 3. Figure 8
(upper row) shows the distributions for the two distances.

Results
Immediate Recall Accuracy

Model convergence was inspected and all R » were below 1.01.
Figure 6A depicts the results from Experiment 4. Table 1 shows
evidence for all pairwise comparisons of interest for Experiment 4.
Pairwise comparison of Hebb and No-overlap Filler lists from the
learning phase indicated evidence for proactive facilitation (i.e.,
Hebb > No-overlap Filler). For the transfer phase, we found that
the first three list items were better recalled in Overlap Filler (SP4-
7) trials compared with No-overlap Filler trials.

Hebb Overlap Filler No-Overlap No-Overlap
(SP4-7) Filler (SP4-7)  Filler (SP1-7)
an | bus i
book : cat
I |
e | path 1
I
| ham 1  yard 1
I line ' week |
L==== [ [ i o s
il | moon.
ring : : ‘map |

Note.

List Types Experiments 4-5: Shown is an illustration of list types in Experiments 4

and 5 with words. Hebb list items are presented always in the same order. The first three
positions of Overlap Filler (SP4-7) list items are presented in a fixed order identical to the
Hebb list, and the last four items of the list are presented in a randomized order at each trial.
Overlap Filler (SP4-7) list and Hebb list trials consist of the same items. In No-Overlap
Filler (SP4-7) lists, the first three items are presented in a fixed order and the last four in a
random order; the list items did not overlap with any other list type. In No-Overlap Filler
(SP1-7) lists all items are presented in a random order on each trial; the items did not over-
lap with any other list type. Dashed lines indicate that these list positions are randomly
selected from the list items, solid lines indicate that items for these positions were fixed.
Experiment 4 had all the list types presented here except the No-Overlap Filler (SP4-7).
Experiment 5 had all the list types. See the online article for the color version of this figure.
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To test for proactive interference, we compared the second part
of the lists. Performance for the Overlap Filler (SP4-7) list was not
worse but better than the No-overlap Filler lists.

Together, these findings indicate that participants were able to
draw on LTM for the first serial positions, and exclusively use
their WM for the rest of the list. Use of LTM for the first part not
only improved recall of that part of the list but also boosted per-
formance for the subsequent items, providing further evidence for
proactive facilitation.

Source of Responses to Overlap Filler Lists

We again found that the Laplace distribution fits WM distance
better than the triangular distribution (difference in log-likelihood:
730), and the triangular distribution fits LTM distance better than
the Laplace distribution (difference in log-likelihood: 59). This

© No-Overlap F. (SP4-7) © Hebb © Overlap F. (SP4-7)

indicates that Overlap Filler responses for the last four items likely
came exclusively from WM representations, and were not conta-
minated with LTM representation of how these items were ordered
on the Hebb list.

Discussion

Results from Experiment 4 indicated that participants were able
to flexibly use or refrain from using LTM representations within
the same episode to guide their serial recall performance. How-
ever, we were not able to fully rule out proactive interference for
the second half of the Overlap Filler (SP4-7) lists, for the follow-
ing reason: Overlap Filler (SP4-7) list performance for the last
four items was better than No-overlap Filler list performance. This
suggests that use of LTM for the first three items boosted
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performance for the subsequent items in Overlap Filler (SP4-7)
lists. We hypothesize that the use of LTM reduced the load on WM,
which made performance better for the subsequent items (Norris et
al., 2020; Thalmann et al., 2019). If this is the case, then even if there
was proactive interference from the use of LTM to WM, its effect
might not be visible because it is counteracted by the boosted per-
formance. We will address this issue with Experiment 5.

Experiment 5

In Experiment 5, we aimed to introduce a control list that had
the same load on WM as the Overlap Filler (SP4-7) list to have a
better control condition to test for proactive interference. This No-
Overlap Filler (SP4-7) list was constructed from a third set of
words not used for any other kind of list. In the No-Overlap Filler
(SP4-7) list the first three items were always the same, in the same
order, whereas the last four items were presented in random posi-
tions throughout the experiment. Hence, over the course of the
experiment participants could learn the first triplet of the No-Over-
lap Filler (SP4-7) lists but could not learn anything about how
they continued. In this way, we equate the probability of retrieving
the first three items from LTM and WM for Overlap Filler (SP4-7)
and No-Overlap Filler (SP4-7) lists. Different from the Overlap
Filler (SP4-7) lists, for the No-Overlap Filler (SP4-7) lists there
was no pertinent LTM information about the final four items, so
they could not suffer proactive interference. If there is interference
from LTM to WM, we expect the Overlap Filler (SP4-7) lists to
have worse performance than the No-Overlap Filler (SP4-7) lists.
If indeed there is no interference from LTM to WM, and LTM can
be flexibly used together with WM, then performance to No-Over-
lap Filler (SP4-7) lists and Overlap Filler (SP4-7) lists should be
similar. This would mean we should also see a boost for No-Over-
lap Filler (SP4-7) Filler lists’ performance for the last four items,
which we will measure by comparing it to the No-overlap Filler
(SP 1-7) lists whose items were always presented in a random
order across all seven serial positions.

Method
Participants

Twenty young adults (five males, students from the University
of Zurich) participated in this study, which lasted 70—75 minutes.
They were reimbursed with course credit or 15 Swiss Francs per
hour for their time.

Materials

For this experiment, stimuli were only words. We made three
sets of seven words, one for the Hebb and Overlap Filler (SP4-7)
lists, one for the No-overlap Filler (SP1-7) lists, and one for the
No-Overlap Filler (SP4-7) lists. The words were similar to the
words used in the experiments presented above. Hebb and Overlap
Filler (SP4-7) lists were identical for the first three items, and the
last four items diverged in their assignment of items to positions in
the same way as in Experiment 4. No-Overlap Filler (SP4-7) Filler
lists did not overlap with any of the other lists. In this list the first
three items were always repeated in the same order, whereas the
last four items were presented in a random order in each trial (see
Figure 5 for more details on the list types).

Procedure

The experiment consisted of eight blocks of 16 trials each,
resulting in 128 trials. The learning phase (Blocks 1-4) consisted
of only Hebb and No-overlap Filler lists. Each block consisted of
four miniblocks, and each miniblock comprised of two Hebb and
two No-overlap Filler List trials. The order of Hebb and No-over-
lap Filler trials in a miniblock was randomized with the constraint
that the first trial of a miniblock was not the same type of list as
the last trial of the previous miniblock.

In the transfer phase (Blocks 5-8), we introduced Overlap
Filler (SP4-7) and No-Overlap Filler (SP4-7) lists in the mini-
blocks. A miniblock had one Hebb, one Overlap Filler (SP4-7),
one No-Overlap Filler (SP4-7) Filler, and one No-overlap Filler
(SP1-7) list. The order of the lists in a miniblock were again
randomized with the same constraint as explained above. In
total there were 48 No-overlap Filler (SP1-7), 48 Hebb, 16
Overlap Filler (SP4-7), and 16 No-Overlap Filler (SP4-7) Filler
trials.

The test procedure was the same as the one in Experiments 1, 2,
and 4.

Data Analysis

We used the same analytic approach as for Experiment 4, with
the exception that there were four levels of condition for the trans-
fer phase, and we tested proactive interference by comparing accu-
racy on the last four positions between Overlap Filler (SP4-7) and
No-Overlap Filler (SP4-7) lists.

Results

Figure 6B depicts the results from Experiment 5. Results
from Experiment 5 were similar to Experiment 4: Better per-
formance for Hebb lists than No-overlap Filler (SP1-7) lists,
and better performance for Overlap Filler (SP4-7) lists than No-
overlap Filler (SP1-7) lists for both the first and the second
parts of the lists. The new finding was that performance for the
No-Overlap Filler (SP4-7) lists was similar to that for Overlap
Filler (SP4-7) lists, and both showed better performance than
No-overlap Filler lists (SP1-7). The fact that the last four items
of Overlap Filler (SP4-7) lists were recalled as well as those of
No-overlap Filler (SP4-7) lists shows that there was no proac-
tive interference from LTM to WM for Overlap Filler (SP4-7)
lists. Moreover, the finding that recall of the last four lists in
both these conditions was superior to that in the No-overlap Fil-
ler (SP1-7) showed that the recruitment of LTM for the first
three list items led to a comparable reduction of WM load for
the remaining four items on those lists.

One could expect higher performance for the Overlap Filler
(SP4-7) lists compared with No-Overlap Filler (SP4-7) Filler
lists for the following reason: Participants had to learn the first
three items of the No-Overlap Filler (SP4-7) Filler list during
the transfer phase to benefit from LTM, whereas they could im-
mediately benefit from LTM of Hebb list for the Overlap Filler
(SP4-7) list. Because we did not see such a difference in the
transfer phase, we need to consider an alternative possibility:
Upon entering the transfer phase, participants might have
noticed the risk of proactive interference from using their
knowledge of the Hebb list on the new Overlap Filler (SP4-7)
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Figure 7

Proportion Correct of the Immediate Serial Recall Memory Performance of Hebb
List, Overlap Filler (SP4-7), and No-Overlap Filler (SP4-7) Lists as a Function of
Miniblock
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ticle for the color version of this figure.

lists. To prevent proactive interference, they could have
stopped using their existing knowledge, and relearned the first
three items of the Overlap Filler (SP4-7) lists as a separate
chunk.

To understand why the Overlap Filler (SP4-7) and the No-Over-
lap Filler (SP4-7) Filler conditions had equivalent performance,
we visually examined performance of these conditions as a func-
tion of miniblocks. Figure 7 (left panel) shows that even in the first
miniblock of the transfer phase, when the Overlap Filler (SP4-7)
condition is first introduced, performance for SP1-3 in this condi-
tion is as good as Hebb list performance. This suggests that partici-
pants benefited from their knowledge of the Hebb list from the
start, rather than starting to learn a new chunk. In comparison, No-
Overlap Filler (SP4-7) lists started with somewhat weaker perform-
ance in the first two miniblocks. However, this difference quickly
dissipates. Participants seem to have learned the first three items of
the new No-Overlap Filler (SP4-7) Filler lists very quickly and ben-
efit from this knowledge already at the third repetition (i.e., mini-
block 18). This is why, on average across the miniblocks of the
transfer phase, performance of these two conditions was indistin-
guishable. Even in the first miniblocks their performance was so
close that the evidence for their difference is ambiguous.

To further investigate whether the Overlap Filler (SP4-7) benefit
from already existing LTM of Hebb list, we also examined
response times difference between the Overlap Filler (SP4-7) and
No-overlap Filler (SP4-7) lists with Bayesian t-tests. Overlap Fil-
ler (SP4-7) had shorter response times (M = 1.48) compared with

No-overlap Filler (SP4-7) lists (M = 1.69, BF = 19.5). This differ-
ence lasted throughout the transfer phase. It suggests that response
times were sensitive to strength of learning, and participants
retrieved faster for the Overlap Filler (SP4-7) lists, with its longer
history of learning the first three items, than the No-overlap Filler
(SP4-7) lists. These results indicate that participants did not throw
away their knowledge of the Hebb lists when confronted with the
Overlap Filler (SP4-7) lists, but rather continued to use it to sup-
port memory of the first three items.

Similar to Experiment 4, the Laplace distribution fits WM dis-
tances better than the triangular distribution (difference in max
log-likelihood: 962) and the triangular distribution fits the LTM
distances better than the Laplace distribution (difference in max
log-likelihood: 123). Figure 8 (lower row) shows the distributions
for the two distances.

Discussion

Experiment 5 confirmed the ability to flexibly use beneficial in-
formation from LTM while discarding harmful information during
Overlap Filler trials. We again found no evidence for proactive in-
terference from LTM to WM. These results collectively support
the conjecture that WM recruits LTM only when it is beneficial.
According to these results, participants were able to recognize
which parts of the LTM traces of the Hebb list were helpful and
which were not and partition the task of remembering the Overlap
Filler (SP4-7) and No-Overlap Filler (SP4-7) Filler lists into LTM
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Figure 8
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Histograms of the Distributions of Working Memory (WM; Left Column) and Long-Term Memory
(LTM; Right Column) Distances for Experiment 4 (Upper Row) and Experiment 5 (Lower Row)
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(old part of the list) and WM (new part). This in turn helped them
to remember both parts of these lists better than No-overlap Filler
(SP 1-7) lists. Because performance on Overlap Filler (SP4-7) lists
was equivalent to that on No-Overlap Filler (SP4-7) lists, we con-
fidently eliminate the possibility of proactive interference from
Hebb lists to Overlap Filler (SP4-7) lists.

General Discussion

Across five studies, we examined the contribution of long-
term memory to working memory. Our goal was to test whether
information flow from long-term memory to working memory
was controlled with a flexible gate that admits information
when it is useful and blocks it when it is potentially harmful. If
information flow between WM and LTM is controlled and
selective, only useful information should be admitted that WM
benefits from (i.e., proactive facilitation but no proactive inter-
ference). If information flow is not controlled, and LTM contribu-
tion is more obligatory than voluntary, LTM information both
useful and harmful can be admitted into WM. An obligatory contri-
bution would result in both a beneficial and harmful effect on WM
performance (both proactive facilitation and interference), or else
LTM information is consistently blocked out and none of these
effects should be found.

Findings from each experiment showed evidence for proactive
facilitation and no evidence for proactive interference. We suggest
that working memory recruits long-term memory depending on

the utility of information such that only beneficial long-term mem-
ory contents were used to guide memory performance.

Evidence Against Proactive Interference From LTM to
WM

We showed no evidence of obligatory contributions of LTM
to WM. An obligatory contribution would mean that LTM con-
tents are automatically retrieved whenever there is a sufficient
resemblance of those contents to the current information in
WM. This would result in both facilitation when the WM and
LTM contents match and interference when they mismatch.
However, we only observed facilitation. This finding supported
the hypothesis that information flow from LTM to WM is gated
in a flexible and adaptive manner.

These findings extend the findings of Oberauer et al. (2017),
which provided evidence for proactive facilitation without pro-
active interference. Our results differ from theirs in one respect.
Our error pattern analyses showed no evidence for an LTM
contribution to memory performance in the Overlap Filler con-
dition. Oberauer et al. (2017) showed that on the mismatch tri-
als, participants sometimes responded with information from
LTM instead of WM. When we examined responses given to
LTM mismatch lists in the present experiments, we did not
observe any evidence for responses coming from LTM. We will
offer an explanation for this discrepancy after we discussed the
mechanisms explaining the present findings.
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Divide and Conquer: Prior Knowledge in Long-Term
Memory Helps Maintenance of Novel Information in
Working Memory

In Experiments 4 and 5, LTM facilitated immediate recall not
only of the learned list segment but also for subsequently encoded
items. Apparently, WM load was reduced by the use of LTM for
half of the list, so that WM was able to support the remaining
items in the list better.*

This finding is very similar to the finding of Thalmann et al.
(2019), who showed a similar boost for the items that came after a
chunk within a list. It is possible that in our study, Hebb learning
resulted in the formation of chunks encapsulating an entire list, or
of groups of three to four items within a list. Similar to the chunks
that reduced the load on WM in the Thalmann et al. (2019) study,
when part of a new list matched a chunk, it was held in WM as a
chunk, reducing the load on WM, which in turn improved memory
for other information maintained concurrently.

This reduction of load implies that the use of LTM to assist
WM commences already at encoding: Incoming stimuli go
through a recognition process that examines whether this informa-
tion exists in LTM or not. If an LTM representation is detected,
utility of encoding this information in WM is lower than for infor-
mation that does not match because the LTM representation can
be used instead. This utility assessment could work as a filtering
system in which stimuli are encoded differently depending on their
similarity to any existing representation in LTM. The WM system
can decide, on an item-by-item or group-by-group basis (if the list
is grouped), whether to encode the item/group fully into WM or
instead encode a pointer to LTM which carries a very small WM
load. This mechanism is similar to the mechanism proposed by
Burgess and Hitch (2006), in which use of LTM representation to
guide serial recall on Hebb lists is decided based on a cumulative
matching process during encoding.

This utility assessment at encoding can either be done on an
item-by-item basis (checking for each item individually how much
it needs to be encoded) or on a more aggregate level, looking at a
group or subsequence of items. Hebb learning suggests that the
mechanism operates on an aggregate level: The first item of a (par-
tial or full) Hebb list on its own does not match any LTM knowl-
edge much more than the first item of a No-overlap Filler list. Only
when looking at a sequence of at least the first two items can a per-
son detect a substantially better-than-chance match to an existing
chunk in LTM. Moreover, Cumming et al. (2003) found no transfer
of learning a Hebb list to lists in which every second item of the
Hebb list was repeated. If the utility assessment was made on an
item-by-item basis, it would recognize every second item—position
relation as already learned, and recall of lists repeating every second
item from the Hebb list should benefit in the same way as our Over-
lap-Filler (SP4-7) lists, which repeat the first three items.

Therefore, we envision a mechanism that continuously
matches the last n items of a list to potentially matching chunks
in LTM, similar to the chunk recognition mechanism described
in the TRACX model (French et al., 2011), which was proposed
for sequence segmentation and chunk extraction in implicit
sequence-learning tasks. When this mechanism detects a chunk
matching the last n items, the decision on how strongly the last
n items are encoded into WM has already been made—one
could only retroactively weaken these items by removing them

from WM and replacing them by a pointer to the LTM
representation.

One question that arises in this context is how much a chunk
adds to the load on WM. To sketch an answer to this question, we
compared memory performance for the last four serial positions in
Overlap Filler (SP4-7) lists to serial-recall performance of a four-
item list (Loaiza & Halse, 2019) and a five-item list (Souza &
Oberauer, 2017) from recent serial recall studies that were similar
to our experimental setting. Performance averaged across serial
positions for the last four items in the Overlap Filler (SP4-7) list
was close to serial recall of a five-item list and worse than serial
recall of a four-item list. This observation hints that there is some
form of information maintained in WM for the learned list segment
and that information loads WM about as much as a single item.
One plausible way of maintaining a set of chunked items is main-
taining a pointer to the LTM representation, similar to what has
been suggested for maintaining chunks in WM (Chen & Cowan,
2009). This pointer could be anything that serves as a reliable re-
trieval cue to the learned chunk in LTM—for instance, an ad hoc
label participants gave to the Hebb list—such that at test that chunk
is retrieved and unpacked, and its first three elements are used to
output positions 1 to 3.

Implications for Chunking Models of Hebb Learning

We envision a continuous assessment of the match between
WM contents and LTM knowledge to gauge the utility of encod-
ing and maintaining information in WM. As we noted above, this
is similar to the incremental match computation in the model of
Burgess and Hitch (2006). However, there is also an important dif-
ference: Our results suggest that the decision on whether to fully
encode information into WM or to rely on LTM can be made for
only a part of a list, whereas the model of Burgess and Hitch
(2006) decides whether or not to use LTM only on the level of an
entire list. Similarly, in the model of Page and Norris (2009), a
Hebb list, learned as a chunk, can only be retrieved and used in an
all-or-none fashion.

The models of Burgess and Hitch (2006) and of Page and Norris
(2009) could accommodate the findings of our Experiments 4 and
5 by assuming that people acquire not only a chunk encapsulating
the entire Hebb list, but also smaller chunks incorporating only
subsets of that list. If participants spontaneously grouped the lists
in the training phase according to a 3—4 pattern, they could have
learned chunks of each group of the Hebb list and reuse the chunk
of the first group when encountering the Overlap Filler (SP4-7)
lists. A more radical assumption would be that every possible

4 We also evaluated the possibility that the boost for the subsequent
items following the LTM items in Overlap Filler lists might be attributable
to an experimental artifact. When the first three items are correctly
retrieved from LTM, the probability of correctly guessing the remaining
items is greater compared with the No-overlap Filler lists (1/4 for Overlap
Filler lists and 1/7 for No-overlap Filler lists). The heightened probability
of guessing could inflate the performance for these items in the Overlap
Filler lists. Therefore, we corrected performance for the last four items in
these lists taking these guessing probabilities into account and performed a
Bayesian ¢ test to test the difference between the two lists. Test results
provided evidence for better performance for the last four items in Overlap
Filler lists compared with No-overlap Filler lists (Exp. 4: BF;, = 5.2;
Exp. 5: BFjg = 7.3). This assured us that our findings were not attributable
to an experimental artifact.
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subset of a list is learned as its own chunk in parallel. The models
in their current form do not assume the acquisition of sublist
chunks, but they could perhaps be modified to enable that possibil-
ity. At least the model of Page and Norris (2009) would require re-
vision of some of its assumptions, because in its present form
learning occurs only for representations that win the competition
for representing the input. A fledgling chunk can win the competi-
tion against individual-item representations only after the entire
list has been presented, and the activations of item-representations
have subsided. At that point, learning associates the chunk to the
entire list, not to any subset of it.

A Flexible Gate Between Working Memory and Long-
Term Memory

Our findings indicate that in the present serial-recall experi-
ments the flexible gate between working memory and long-term
memory is implemented differently than in the visual WM tests
used by Oberauer et al. (2017). In our experiments, an assessment
of the utility of matching LTM representations is already made
during encoding of a new list, so that when useful LTM informa-
tion is found, less information needs to be maintained in WM. The
decision whether or not to use LTM information therefore is al-
ready made at encoding. In contrast, Oberauer et al. (2017) envi-
sioned a mechanism that opens or closes the gate at retrieval: If
(and only if) retrieval from WM returns little useful information,
an attempt is made to retrieve relevant information from LTM.

These differences in when the gating mechanism operates could
explain the discrepancy between our results and those of Oberauer
et al. (2017): A gating mechanism at retrieval draws on LTM
when information in WM is poor, thereby generates an above-
chance proportion of responses reflecting LTM knowledge even
when that knowledge mis-matches the information to be main-
tained in WM, as observed by Oberauer et al. (2017). By contrast,
a gating mechanism deciding at encoding whether to use LTM
rejects all LTM knowledge that mismatches the to-be-encoded
stimuli. There is no process by which LTM knowledge is drawn
upon as a fallback option if, and only if, retrieval from WM fails.

In both cases, the function of the gate remains the same—effec-
tive use of LTM without proactive interference—but implemented
in a different way. Our findings support the flexible-gate hypothe-
sis but also show a different mechanism that the gating is imple-
mented with. During encoding, a filtering mechanism leads to
differential encoding of LTM items in WM. This leaves no need
for the gate to operate during retrieval.

Conclusion

Using long-term memory knowledge that was beneficial for a
WM task improved overall task performance. Even in the instan-
ces in which LTM knowledge was partially beneficial, only the
helpful part was used to guide performance with no interference
from the harmful part. Our results generalize the finding by Obera-
uer et al. (2017) and support the flexible gate hypothesis: The flow
of information between WM and L'TM is controlled by a gate that
is adaptive and selective, admitting information from LTM into
WM depending on its utility.
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Appendix
Summary of the Results From Examination of Sources of Responses for All the Experiments
Table A1
Experiment Distance Distribution Stimulus Loglikelihood Difference
1 WM Laplace Cons —3,588.48 L>T:1,812
WM Triangular Cons —5,400.792
LT™M Laplace Cons —6,660.562 T>L:211
LTM Triangular Cons —6,449.645
WM Laplace Words —2,150.553 L>T:2221
WM Triangular Words —4,372.165
LT™M Laplace Words —5,626.211 T>1L:182
LT™ Triangular Words —5,444.59
2 WM Laplace Cons —4,206.855 L >T:2,007
WM Triangular Cons —6,213.81
LT™M Laplace Cons —7,523.019 T>1L:191
LT™ Triangular Cons —7,332.261
WM Laplace Words —2,832.253 L >T: 2,046
WM Triangular Words —4,878.06
LT™M Laplace Words —6,207.731 T>1L:189
LT™ Triangular Words —6,018.918
3 WM Laplace Cons —5,729.761 L>T:1,260
WM Triangular Cons —6,989.9
LT™M Laplace Cons —8,249.329 T >L:245
LT™ Triangular Cons —7,975.983
WM Laplace Words —4,279.976 L>T:1,390
WM Triangular Words —5,669.613
LT™M Laplace Words —6,876.085 T > L: 246
LT™M Triangular Words —6,630.33
4 WM Laplace Words —371.0,396 L>T:730
WM Triangular Words —1,101.373
LT™M Laplace Words —1,607.849 T >1L:59
LTM Triangular Words —1,546.519
5 WM Laplace Words —-520 L > T:962
WM Triangular Words —1,483
LT™M Laplace Words —2,262 T>L:123
LT™ Triangular Words —-2,139
Note. LTM = long-term memory; WM = working memory.
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