
https://doi.org/10.1177/0963721420922185

Current Directions in Psychological
Science
2020, Vol. 29(4) 378–387
© The Author(s) 2020
Article reuse guidelines: 
sagepub.com/journals-permissions
DOI: 10.1177/0963721420922185
www.psychologicalscience.org/CDPS

ASSOCIATION FOR
PSYCHOLOGICAL SCIENCE

“Hey Nate, this is Alyssa. She’s new to our 
department. And this is her partner, Alex. He 
works in administration.”

“Hi, nice to meet you! Welcome! And where were 
you before moving over here . . . um . . . Alexa?”

The ability to retain and integrate information in work-
ing memory (WM) is fundamental for cognition. Yet 
students and researchers struggle to understand the 
construct because a comprehensive model does not 
exist to explain (a) how the mind and brain accomplish 
WM tasks that require holding goal-relevant information 
in mind (such as names when meeting some people, 
as in the opening example), (b) what happens to such 
information when attention shifts away, and (c) how it 
is recovered when needed for processing and action. 
The search for a comprehensive model of WM has been 
challenging, in part because of the dynamic, nuanced, 
and context-dependent nature of the neurocognitive 
processes that support WM across situations and indi-
viduals. However, ideas about how WM works have 
been rapidly evolving in recent years as models of 

behavior have become increasingly informed by the 
understanding of neural mechanisms that support WM.

Constraining Cognitive Models of WM 
With Neuroscientific Evidence

Identifying the neural substrates of WM is critical for test-
ing theories of WM, because revealing where information 
is stored in the brain and how the representations change 
over time or in response to task demands is fundamental 
to understanding the nature of WM-related behavior. 
Below, after briefly introducing key concepts of traditional 
WM theory, I review some evidence for emerging concepts 
that call for revision to, and integration with, traditional 
theory: namely, that the retention and reactivation of latent 
WMs may occur either via “activity-silent” neural 
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mechanisms or, depending on the stimulus and task con-
text, long-term-memory (LTM) processes.

The conventional view: sustained and 
active representations

Traditionally, both cognitive and neural models of WM 
have posited that information is retained in WM, either 
in buffers—which are capacity-limited short-term stores 
that retain specific codes (visuospatial, phonological; 
Baddeley, 2000)—or in activated states of varying levels 
of accessibility (Cowan, 1999; Oberauer, 2009), via sus-
tained, elevated levels of neuronal activity.1 Most mod-
els posit that information is transferred from sensory to 
central-executive control (frontoparietal) regions in the 
brain where the information is actively retained “in 
WM” and that, when items are not actively maintained, 
they are stored with LTM processes ( Jonides et  al., 
2008).

A supplemental view: activity-silent, 
sensorimotor representations

Given early findings from human neuropsychology and 
lesion or recording studies in animals, neural instantia-
tions of WM models have focused on regions of fron-
toparietal cortex as the representational substrate of 
WM storage (Curtis & D’Esposito, 2004; Funahashi, 
2017). For example, neurons in dorsolateral prefrontal 
cortex (DLPFC) have shown elevated levels of activity 
during WM delay periods that has been described as 
sustained, persistent, and stable. However, recent 
advances are revolutionizing conventional WM theory, 
largely driven by advances in machine-learning analy-
ses of neuroimaging data. Whereas traditional univari-
ate analyses show elevated levels of activity in 
frontoparietal regions during WM delay periods that 
scale with WM load, posterior sensory regions show 
stimulus presentation and retrieval-evoked responses 
but generally little to no sustained activity throughout 
the delay. In contrast, newer multivariate analysis tech-
niques reveal a different picture: Machine-learning algo-
rithms can often learn to decode aspects of the retained 
stimuli from signals in sensory areas but with little to 
no stimulus-specific information decoded from signals 
in frontal cortex (Riggall & Postle, 2012; Yu & Shim, 
2017).

Such findings are consistent with the sensorimotor-
recruitment hypothesis (Postle, 2006), which states, “the 
systems and representations engaged to perceive infor-
mation can also contribute to the short-term retention 
of that information” (D’Esposito & Postle, 2015, p. 118); 
motor is in the name “to accommodate the intimate, 
often inextricable, coupling between sensory attention 

and motor intention” (D’Esposito & Postle, 2015, p. 
119). Sensorimotor representation of items in WM is 
advantageous in many situations because it provides 
highly selective tuning of stimulus-specific features with 
more efficient processes than sustained, elevated neu-
ronal firing (Serences, 2016).

One example of how WM is tightly tied to action 
systems comes from observations that lesions selective 
only to the frontal eye fields of motor cortex—not 
DLPFC—impair performance on the delayed-saccade 
(spatial WM) task, which suggests that what is retained 
are eye-saccade plans to service WM—not the location 
of items in WM per se (Mackey, Devinsky, Doyle, Meager, 
& Curtis, 2016). Additionally, recordings of neurons in 
areas of prefrontal cortex (PFC) during the delayed-
saccade task showed that although many neurons 
appeared to demonstrate stable delay-period activity 
for the information in WM during a delay, the informa-
tion represented in the population was dynamic (time 
varying) and switched to reward-related information 
(Cavanagh, Towers, Wallis, Hunt, & Kennerley, 2018). 
Thus, delay-period activity across many regions of PFC 
seem to dynamically represent stimulus-specific infor-
mation to the extent that the codes help produce the 
prospective actions that are most likely to result in 
optimal performance or, more specifically, the greatest 
reward (Spaak, Watanabe, Funahashi, & Stokes, 2017; 
Stokes, 2015).

Context-dependent dynamics: the role of atten-
tion.  Various aspects of the WM task seem to determine 
whether items in WM are largely represented by sus-
tained activity in frontoparietal cortex or with activity-
silent mechanisms in regions of sensorimotor cortex. For 
example, regions of frontoparietal cortex and the hippo-
campus and surrounding structures of the medial tempo-
ral lobe (MTL) seem to be particularly involved in 
situations in which continuous attention to memoranda is 
disrupted by interference (e.g., from distraction; for 
reviews, see Sreenivasan & D’Esposito, 2019; Widhalm & 
Rose, 2019). It has been argued that active maintenance 
in WM is strongly dependent on continuous attention 
and that when attention shifts away from the memo-
randa, retrieval processes are required to return the infor-
mation to focal attention for further processing and 
action. Thus, according to this view, in the vast majority 
of studies in the history of WM research, WM retention 
has been confounded with internal attention (LaRocque, 
Lewis-Peacock, & Postle, 2014; Sheldon et al., in press).

Brain-decoding evidence from tasks that shift a per-
son’s focus of attention among items held in WM is 
consistent with the view that WM represents the inter-
section of attention and memory (LaRocque et al., 2014; 
Lewis-Peacock, Drysdale, Oberauer, & Postle, 2012). 
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Such tasks (e.g., those that mimic the situation depicted 
in the beginning of this article of learning two names 
in conversation) require that two items (a face and a 
word) transition between being held either in a sus-
tained, active state or transiently in an unattended, pas-
sive state. For example, with a “two-step double-cue 
toodeloo” task (see Fig. 1), the primary finding was that 
in the postcue delay periods, evidence for a sustained, 
active neural representation existed only for the 
attended (cued) item; evidence for the unattended 
(uncued) memory item returned to baseline levels of 
representation (Lewis-Peacock et al., 2012; Rose et al., 
2016). When the initially uncued item was subsequently 
cued as the item that would be tested later in the trial, 
participants could quickly and accurately switch atten-
tion to it, and there was a reinstatement of brain-decoding 
evidence for an active representation of it. Such find-
ings challenge the assumption that holding information 
in WM always depends on sustained, elevated activity 
(Lewis-Peacock et al., 2012; Rose et al., 2016)

The synaptic theory of WM is a computational model 
based on biologically plausible neural mechanisms that 
can account for this finding (Mongillo, Barak, & Tsodyks, 
2008; Trübutschek et al., 2017). It posits that a stimulus-
evoked pattern of neural activity could be retained 
during a delay by transiently strengthening the synaptic 
weights between the neurons. Thus, a memory could 
be temporarily retained without elevated, neural firing. 
The model further suggests that if a nonspecific burst 
of energy is applied to the network during this period, 
then the memory would be reactivated because of the 
potentiated pattern of synapses. Indeed, using brain-
decoding methods with simultaneous noninvasive brain 
stimulation (transcranial magnetic stimulation, or TMS), 
my colleagues and I transiently reactivated these pas-
sively retained (latent) WMs by recovering memory-
specific patterns of neural activity and influencing 
memory performance (Rose et al., 2016; see also Wolff, 
Jochim, Akyürek, & Stokes, 2017).

Context-dependent dynamics: the role of stimulus 
representations.  Much of the evidence supporting the 
notion of “activity-silent” representations in WM comes 
from visual WM research, particularly in situations with 
minimal interference. In contrast, some evidence exists 
for a putative storage buffer for phonological WM (Yue, 
Martin, Hamilton, & Rose, 2019). Neuropsychological, 
neuroimaging, and neurostimulation evidence has been 
used to argue for a specialized storage site for phonologi-
cal WM in the supramarginal gyrus (Majerus, 2019). The 
distinct coding schemes are sensible because fleeting 
visual representations can be “refreshed” by attending to 
goal-relevant visual information in the retinopically 
coded visual field (Park, Chun, & Johnson, 2010). In 

contrast, because auditory information unfolds over time 
and must be sequenced with both preceding and suc-
ceeding acoustic information, distinct processes support 
the short-term retention and reactivation of auditory 
information (Buchsbaum & D’Esposito, 2019).

In a recent functional MRI study, univariate analyses 
showed similar results for phonological WM (Yue et al., 
2019) as those observed for visual WM (Riggall & Postle, 
2012); however, multivariate-pattern-classification anal-
yses on delay-period activity during phonological WM 
diverged (see Fig. 2). WM content could be decoded 
from patterns of activity in sensory (auditory) cortex 
during a maintenance period but only during conditions 
of high load with a classifier trained during the main-
tenance period—not by a classifier trained during a 
separate perception task or during the encoding 
period of the WM task. That is, the classifiers that 
decoded the activity patterns for speech versus non-
speech captured different representations in the same 
region of sensory cortex when three stimuli were 
retained during the delay than when they were initially 
perceived and encoded. This result suggests that the 
sensory cortex was recruited only during high load 
and that the neural representation during the delay 
was a recoded pattern that differed from the pattern 
established during perception. That is, whether WM 
retention relies on sensory cortex or on “buffer” 
regions is context dependent.

These results are consistent with the hypothesis that 
recoding perceptual (e.g., phonological) representa-
tions, which are vulnerable to interference, by attending 
to deeper (conceptual) levels of processing during 
encoding changes their neural substrate and makes 
them robust to interference by recruiting LTM processes 
(Rose, Craik, & Buchsbaum, 2015).2

Context-dependent dynamics: the role of LTM pro-
cesses.  Although WM has been considered to be distinct 
from LTM because of neuropsychological and behavioral 
double dissociations between tasks purported to selec-
tively measure WM and LTM (Ranganath & Blumenfeld, 
2005), many researchers have posited an integral contri-
bution of LTM processes to short-term retention ( Jonides 
et  al., 2008), and acceptance of this view is growing 
(Cowan, 2019; Foster, Vogel, & Awh, in press). Baddeley 
(2000) added an episodic buffer (as well as language and 
visual semantics) to his model to accommodate interac-
tions between WM and LTM. However, attempts to local-
ize components of box-and-arrow models has been 
challenging because of the distributed and dynamic 
nature of information processing coded in activity across 
both local and large-scale brain networks. With regard to 
the role of the MTL in WM, there are many examples of 
profound WM deficits in MTL amnesiacs (Olson, Page, 
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Fig. 2.  Univariate and multivariate brain-decoding evidence during a phonological short-term-memory (STM) task with one (low memory 
load) versus three (high memory load) speech or nonspeech sounds from functional MRI activity in left superior temporal gyrus (STG; sensory 
cortex) and left supramarginal gyrus (SMG; the putative phonological buffer). For univariate results, the graphs show mean percentage of 
signal change as a function of repetition time (TR), load (low, high), and sound type (speech, nonspeech). Univariate results are analogous 
to visual STM results with “activity-silent” sensory regions but sustained elevated activity in “buffer” regions during STM delay periods (Rig-
gall & Postle, 2012). For multivariate results, the graphs show mean classification accuracy as a function of TR and classifier type (encoding, 
maintenance), separately for low-load and high-load conditions. Multivariate results show delay-period decoding of STM contents only for 
high-memory-load conditions in the sensory region but only for a classifier trained to discriminate speech patterns during maintenance (indi-
cated by the purple triangle at TR 6)—not during perception or encoding (indicated by the green triangle at TR 3)—which means that STM 
contents were recoded perceptual representations. The “buffer” region contained similar representations during encoding and maintenance 
during high load. Asterisks (color coded for each condition) indicate classification accuracy significantly greater than chance (.5). Error bars 
indicate standard errors of the mean. For further details and results, see Yue, Martin, Hamilton, and Rose (2019).
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Moore, Chatterjee, & Verfaellie, 2006), but the deficits 
depend on whether the tasks involve binding associa-
tions among less-familiar features, especially during dis-
traction (Rose, Olsen, Craik, & Rosenbaum, 2012). Results 
from neuropsychological cases and neuroimaging studies 
(see Jonides et al., 2008; Ranganath & Blumenfeld, 2005) 
point to a prominent role of the MTL in situations requir-
ing high-resolution representations in both WM and LTM 
and even perception (Yonelinas, 2013).3

An accommodating view

It is important to acknowledge that there will be con-
siderable differences in the neurocognitive retention 
mechanisms that support WM according to the partici-
pants and the strategies they use to remember different 
types of memoranda across different task contexts. For 
example, considerable variance exists in inter- and intra-
individual differences in WM capacity. This is hypoth-
esized to result from variance in the engagement of 
cognitive-control processes associated with active main-
tenance, controlled retrieval, and output-monitoring 
processes, among others. Thus, WM is not a monolithic, 
isomorphic construct; rather, WM should be considered 
as a collection of processes associated with perception, 
attention, semantic and episodic memory, and prospec-
tive action that support one’s current goal-relevant 
behaviors.

Therefore, attempts to define an all-encompassing, 
one-size-fits-all WM model may ultimately prove futile. 
Building on the ideas of many others, I propose a 
dynamic-processing model of WM in an attempt to 
account for the diverse set of findings regarding the 
neurocognitive substrates of WM (see Fig. 3). I argue 
for a dynamic model because the nature of the repre-
sentations and processes that are involved in support-
ing WM in the service of thought and action change 
over time and across contexts. I argue for a processing 
model to emphasize the need to specify the neurocog-
nitive processes and informational codes represented 
by neuronal activity rather than trying to identify a 
system of stores, as was the tradition in box-and-arrow 
models in cognitive psychology. This approach is con-
sistent with the cognitive-neuroscience revolution over 
the past few decades that is pushing researchers to 
develop more biologically plausible models based on 
computational codes processed in neural networks.

The major tenets of the model are as follows. First, 
the mind and brain retain information that is predicted 
to be relevant for current, goal-directed processing and 
action either by (a) actively attending to the representa-
tions by sustained (recurrent) activity or (b) passively 
“prioritizing” the representations by synaptic plasticity 
dynamics.4 The representations themselves are the 

products of perceptual or conceptual processing and 
associative activation of LTM. Second, whether reten-
tion is active or prioritized depends on the need to 
protect these representations from interference (e.g., 
from distraction as delay, load, or stimulus similarity 
increases or as motivation or capacity decreases; e.g., 
Lorenc, Sreenivasan, Nee, Vandenbroucke, & D’Esposito, 
2018; Rademaker, Chunharas, & Serences, 2019). Third, 
the nature of the neurocognitive representations and 
processes that support retention in WM is highly 
dynamic because they change over time and they 
depend on the context (including the to-be-performed 
action that is assumed to result in the most desirable 
outcome). Fourth, information may be simultaneously 
represented via multiple codes or recoded over time. 
Such coding is important for representing information 
at varying levels of abstraction, particularly in the ser-
vice of higher-order cognitive functions.

Many of these ideas have been articulated previously 
(Christophel, Klink, Spitzer, Roelfsema, & Haynes, 2017; 
Myers, Stokes, & Nobre, 2017; Oberauer, 2019; Sreenivasan, 
Curtis, & D’Esposito, 2014); a goal of this review is to 
help integrate ideas from cognitive and neural sci-
ences to foster better appreciation for the context-
dependent nature of WM retention and representation. 
This review represents an attempt to tie together some 
of the big ideas that are emerging at a rapid rate. A 
more detailed treatise will be necessary as more 
empirical data and quantifiably testable computational 
models develop.

Conclusions and Outlook

The research reviewed above and related results have 
considerable significance for theoretical and mechanis-
tic accounts of WM. The findings suggest that short-
term retention of goal-relevant information can be 
accomplished via “active” representations5 that are 
dynamic, recoded representations in frontoparietal cor-
tex (especially when there are competing demands on 
controlled attention during a delay) or latent, “priori-
tized” representations in sensorimotor cortex via effi-
cient, synaptic-plasticity mechanisms (especially in 
situations that either involve minimal interference or 
require high-resolution representation).6 With regard to 
the future, it is important to address questions regarding 
the sources and site of latent WM representation, as 
well as the role of LTM processes in retaining and reac-
tivating latent WM. Providing answers to such questions 
will advance WM theory in a way that will have wide-
spread influence on the understanding of cognition 
more generally. My hope is that a dynamic-processing 
model of WM will help to integrate the many mutually 
compatible views across the field.
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processes; representations emerge from sensorimotor processing during perception or activation of associa-
tions stored in long-term memory (LTM). Stimulus-specific and overlapping domain-general aspects of rep-
resentations are distributed across the cortex. The hippocampal and medial temporal lobe (MTL) complex 
establishes high-resolution binding of task-relevant features. Feedforward and feedback connections exist 
throughout task-relevant pathways, with parietal nodes biasing attention to critical sensory features during 
encoding, maintenance, or retrieval. The prefrontal cortex (PFC) can code for stimulus-specific features during 
WM delay periods (e.g., locations of future eye movements), but the signals may be better conceptualized as 
representing task rules or the prospective actions predicted to maximize rewards for goal-directed behaviors. 
To this end, distributed subregions of PFC code for various processes, such as active maintenance or periodic 
retrieval of relevant representations and associations, decision-making, performance monitoring, and updating. 
Color-coded data depict examples of the distributed nature of WM representation from the selective or shared 
whole-brain decoding of a face, direction of motion, or word during a WM delay period (see Venn diagram). 
Figure adapted from Rose et al. (2016).
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Notes

1. The scope of the current work cannot incorporate adequate 
discussion of the important, extensive debate about the source 
of WM capacity limits; for some excellent discussion, see Cowan 
(2017), Luck and Vogel (2013), and Oberauer et al. (2018).
2. Note that the same applies for visual WM as well (e.g., 
Endress & Potter, 2014; Lewis-Peacock & Postle, 2008).
3. In both human and nonhuman studies of WM, the involve-
ment of LTM processes also appears to be dynamic and context 
dependent. Data from direct electrophysiological recordings 
suggest that stimulus-specific activity of “concept” cells in the 
MTL can reflect the contents of WM and that they may persis-
tently fire or become synchronized with regions of PFC through 
oscillatory dynamics (theta–alpha coupling; Kamiński & 
Rutishauser, 2020; Kornblith, Quiroga, Koch, Fried, & Mormann, 
2017); this activity can predict WM load and successful WM 
performance (Boran et al., 2019; Kornblith et al., 2017). Other 
data suggest that afferent pathways from hippocampus to PFC 
code for spatial WM through gamma-frequency synchrony dur-
ing encoding but not maintenance or retrieval (Spellman et al., 
2015). In-depth discussion is beyond the scope of the current 
article, but the reader is referred to related work regarding 
an intriguing concept of “labile long-term potentiation (LTP)” 
codes in the hippocampus (Pradier et al., 2018). The main point 
here is that LTM processes are recruited during WM, likely via 
connectivity with PFC, but in a dynamic, context-dependent 
manner.
4. I use the term “prioritized” instead of “activity silent” because 
the latter refers to the phenomenon in which the neuroimaging 
techniques that can decode a delay-period representation of a 
stimulus that is attended and actively retained can no longer 
decode that representation when it is unattended (i.e., passively 
retained); thus, other physiological (e.g., synaptic, electrochem-
ical, and oscillatory) processes retain the memory.
5. Note that recent research suggests that sustained neural activ-
ity over a delay period may actually be an artifact of averaging 
trials in which brief bursts of activity occur sporadically over a 
delay period (Lundqvist, Herman, & Miller, 2018). Rather than 
indicating sustained neural firing, such sporadic bursts of delay-
period activity may reflect the cognitive maintenance opera-
tion termed “refreshing” ( Johnson, McCarthy, Muller, Brudner, 
& Johnson, 2015; Raye, Johnson, Mitchell, Greene, & Johnson, 
2007). Note, however, that the neural data do not align with 
cognitive estimates of a refreshing rate of 10 ms to 40 ms per 
item (Barrouillet & Camos, 2015; see also Lemaire, Pageot, 
Plancher, & Portrat, 2018). Pairing sophisticated manipulations 

in cognitive tasks with multivariate, single-trial analyses of neu-
ral data with high temporal and spatial resolution will provide 
important insight to help resolve this debate.
6. Note that although some computational modeling is posi-
tioned against interpretation of latent WM states (Schneegans & 
Bays, 2017), other computational models include both attractor 
states (which can sustain representations) and transient states 
(which support dynamic, recoded representations; Nachstedt 
& Tetzlaff, 2017). The future will undoubtedly see increasingly 
advanced neurocomputational and neural-network modeling of 
biologically plausible mechanisms that support cognitive phe-
nomena associated with WM. One intriguing phenomenon to 
explain is evidence of above-chance behavioral performance 
(Soto, Mäntylä, & Silvanto, 2011) and brain-decoding accuracy 
(King, Pescetelli, & Dehaene, 2016) for trial-relevant, memory-
specific representations that are retained over WM delay periods 
in the absence of conscious awareness (Bergström & Eriksson, 
2018). The extent to which goal-relevant representations are 
retained outside of conscious awareness in the service of WM 
has the potential to dramatically reconfigure what it means for 
something to be “in WM.”
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