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Significance 

 As humans go about their lives, 
they experience a continuous 
stream of novel and familiar 
stimuli, not all of which are 
relevant to current goals. Prior 
knowledge plays a crucial role in 
evaluating stimulus relevance. 
We investigated how the brain 
facilitates goal-directed selective 
attention to relevant stimuli while 
filtering out distractors when 
relevance is determined by prior 
knowledge. Our results show that 
this ability relies on coactivation 
of the frontoparietal control and 
default networks, alongside 
suppression of the visual 
network. These findings highlight 
how the brain enables the control 
of attention based on prior 
knowledge and indicate that the 
underlying neural pathways may 
differ from those engaged when 
selection is guided by perception. 

Memory is central to flexible, goal- directed behavior. Prior knowledge shapes our cur-
rent decisions and future plans and guides our attention to selectively prioritize rele-
vant information in our complex, noisy world. Yet, most research on the neural basis of  
selective attention has focused on novel stimuli and has defined goal relevance based on  
perceptual features rather than prior knowledge. We investigated how the brain supports  
selective attention when goal relevance depends on prior knowledge, and compared selec-
tion of novel (memory- independent) versus familiar (memory- enhanced) stimuli. Using  
multiecho fMRI, we recorded brain activity during a selective working memory task  
involving pictures of famous (familiar) and anonymous (novel) people and places. We  
manipulated the relevance of fame to task performance: In “fame relevant” task blocks,  
participants selectively attended to famous while ignoring anonymous stimuli; in “fame  
irrelevant” blocks, they attended to anonymous while ignoring famous stimuli. Compared  
to a nonselective, categorization task, the selective working memory task elicited sus-
tained coactivation of frontoparietal control and dorsal attention networks. Task-r elevant  
contrasted with task-irr elevant stimuli elicited transient coactivation of frontoparietal  
control and default network regions, irrespective of stimulus fame. Within the DN, this  
effect was driven by both enhanced activation for task-r elevant stimuli and suppression  
for task- irrelevant stimuli, confirming attention-dr iven neuromodulation. Further, selec-
tive working memory coactivated these high-or der, heteromodal brain networks while  
lowering activity in visual regions. Our findings elucidate the neural underpinnings of  
prior knowledge-guided  selection of perceptual inputs for working memory, suggesting  
differences from those previously reported for perception-guided selection.  

attention   cognitive control   working memory   semantic knowledge  multiecho fMRI 

 The ability to selectively attend to relevant information while ignoring distractors is crucial for  
goal-directed cognition, enabling efficient allocation of limited cognitive resources. The goal  
relevance of incoming information can be determined by perceptual features or through asso-
ciations with prior knowledge. We rely on both perception and memory to filter the myriad  
information streams that confront us. Imagine conversing with a friend about a common  
acquaintance when it jogs a memory about the acquaintance’s recent health scare. Your attention  
shifts from the immediate perceptual milieu (the current conversation) to remember whether  
the acquaintance had given you permission to disclose, before you return to the conversation.  
In this simple example, actively moving attention from the external perceptual environment  
to internal memory representations (and back) was critically necessary to the goal of sustaining  
a fluid social exchange, without compromising a friend’s confidence. Goal-directed shifting of  
attention from perception to memory is common in our everyday lives. Despite this, the vast  
majority of cognitive neuro science research on selective attention has focused on perceptually  
guided selection, largely to the exclusion of selection dependent on prior knowledge. 

 Here, we use “selective attention” to refer to the selection and prioritization of goal-relevant  
information for processing, and the inhibition of goal-irrelevant information (1–3). Selective  
attention is commonly investigated using paradigms in which attention is guided toward  
specific spatial locations (spatial attention), perceptual features (e.g., color; feature-based  
attention), or objects (object-based attention) among competing alternatives (3–5). It has  
also been studied using paradigms requiring selective encoding of goal-relevant perceptual  
inputs in working memory while ignoring distractors, where goal relevance is determined  
by perceptual information such as stimulus category (6). We refer to these operationalizations  
collectively as perceptually guided selective attention. Furthermore, prior work has predom-
inantly used novel stimuli without strong prior knowledge associations (e.g., geometric  D
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shapes). This work has revealed that perceptually guided selective  
attention relies on a top–down modulatory mechanism, in which  
signals from prefrontal and parietal cortices enhance activity in per-
ceptual regions that process goal-relevant perceptual information  
while suppressing activity in those perceptual regions with prefer-
ential selectivity for irrelevant information (1–4). Top–down atten-
tional modulation targets different perceptual regions depending  
on the type of attention: Spatial attention modulates retinotopically  
organized early and extrastriate visual areas (7); feature-based atten-
tion modulates feature-selective regions such as V4 and MT (8, 9);  
object-based attention modulates category-selective cortices (10) 
and distributed representational patterns across higher-level ventral  
visual areas (11). The sources of top–down neuromodulation  
include the inferior frontal junction, middle frontal gyrus, anterior  
inferior parietal lobule and part of the intraparietal sulcus (12–14),  
which are affiliated with the frontoparietal control network (FPCN;  
Fig. 3 E) (15, 16). The frontal eye fields, the posterior superior pari-
etal cortex, and part of the intraparietal sulcus, which comprise the  
dorsal attention network (DAN) (16, 17) have also been implicated  
(18–20). The DAN contains topographic maps of visual space and  
is essential for externally focused, goal-directed spatial orientation  
of attention (7, 21). The FPCN represents abstract rules, goals, and  
context (22, 23) and modulates lower-level processes via flexible,  
context-dependent functional connectivity (FC) with more domain  
specific and specialized processing regions or networks (24, 25). 

 The FPCN has also been implicated in the interaction between  
attention and memory, particularly in visuospatial orientation of  
attention guided by episodic memory representations (26, 27),  
selection between items maintained in working memory (28), and  
shifts of attention between the external environment and internally  
oriented states such as working memory content and mind-wandering  
(29, 30). However, its role in goal-directed prioritization versus  
inhibition of perceptual inputs for further working memory pro-
cessing when relevance is determined by prior knowledge (e.g.,  
familiarity with a person) has yet to be directly investigated. 

A ccess to prior knowledge is underpinned by a set of frontal, 
temporal, and parietal brain areas collectively known as the default  
network (DN) (31–33). Neuropsychological and neuroimaging 
investigations have revealed that the hippocampus is necessary for 
the formation and retrieval of episodic memories (34), while the 
anterior temporal lobe is crucial for accessing semantic knowledge  
(35). Tasks that require episodic, semantic, or autobiographical 
memory retrieval also elicit overlapping activation in other DN 
regions, including the inferior frontal gyrus, lateral temporal cor-
tex, inferior parietal lobe, medial prefrontal cortex, and retrosple-
nial and posterior cingulate cortices (31, 36, 37). Given this 
functional affiliation with prior knowledge stored in long-term 
memory, we reasoned that the DN may play a critical role in 
selective attention when goal relevance depends on prior knowl-
edge, particularly when the targets of selection are stimuli that are 
enhanced by such knowledge (e.g., familiar stimuli). 

 DN activation is consistently observed during memory-based,  
social, and introspective tasks (38, 39), suggesting a key role in cog-
nitive states that rely primarily on internally generated, or perceptually  
decoupled, information. This includes decisions guided by working  
memory contents rather than immediately available perceptual input  
(40–42). The DN’s position at the apex of a unimodal-to-heteromodal  
gradient of macroscale functional organization, also known as the  
principal gradient (43), may reflect its role in perceptually decoupled  
thought, as its functional and physical distance from sensory cortices  
may insulate DN regions from perceptual control, facilitating inter-
nally oriented cognition (44, 45). Furthermore, the comparable posi-
tions of the DN and FPCN at the heteromodal apex of this gradient  
indicate that their FC profiles are highly similar, suggesting a  

propensity for functional cooperation and task-driven coactivation  
(46). Consistent with this idea, several studies have now reported  
coactivation of FPCN and DN during cognitive control tasks that  
require access to prior knowledge (47–50). These findings raise the  
possibility that the FPCN may collaborate with the DN to support  
selective attention when selection involves DN-mediated memory  
processes, but this has received limited empirical attention. 

2 of 12  pnas.org  https://doi.org/10.1073/pnas.2605179123

 Here, we investigated the neural correlates of selective attention  
when the goal relevance of perceptual inputs depends on prior 
knowledge associations, rather than on perceptual information. 
Specifically, we focused on the selection and prioritization of stim-
uli for working memory in the face of distractors, a type of selec-
tive attention that has been less studied than feature-based or 
spatial attention. We tested whether this form of selection relies 
on similar top–down control mechanisms as perceptually guided 
selective attention, involving coactivation of frontoparietal control  
and sensory regions (24), or whether it instead engages DN 
regions, and FPCN-DN coactivation. We further tested whether 
the modulation of DN activation by selective attention is specific 
to stimuli associated with prior knowledge, but not unfamiliar 
stimuli, in line with its role in prior knowledge representation. 

 To address these questions, we collected multiecho fMRI data  
while participants performed a selective working memory (N-back)  
task in which goal relevance depended on prior knowledge, and the  
stimuli were either associated with long-term memory representations  
(memory-enhanced) or not (memory-independent) (Fig. 1 B). In  
brief, stimuli (faces or places) were presented on a trial-wise basis, and  
participants judged whether the current image matched an image  
presented “n” trials back (Fig. 1 A and Materials and Methods ). Stimuli 
were either famous, engaging memory-enhanced representations,   
or anonymous, engaging memory-independent representations.  
Critically, selective attention was manipulated at the block level by  
instructing participants to attend to either famous or anonymous  
stimuli, while ignoring the other. Task-relevance was signaled by the  
presence of prior knowledge associations in “fame relevant” blocks  
and their absence in “fame irrelevant” blocks. Consequently, evaluat-
ing stimulus relevance required access to long-term memory. To suc-
cessfully complete the task, participants needed to evaluate the  
relevance of each stimulus, but select only task-relevant stimuli for  
working memory processing, while inhibiting irrelevant stimuli.  
Consequently, the contrast between task-relevant and irrelevant trials  
reflects prioritization of working memory—specifically, comparing  
perceptual input with working memory representations to identify  
matches, and retaining perceptual input in working memory for sub-
sequent goal-directed use—relative to the suppression of such pro-
cessing. This contrast reflects processes that go beyond input–output  
mapping and are distinct from feature-based and spatial attention.  
This design also allowed us to directly contrast attentional selection  
of memory-enhanced (famous) with memory-independent (anony-
mous) stimulus representations. To disambiguate the brain responses  
specific to top–down control versus lower-level processes, participants  
also completed a categorization control task that did not require selec-
tive attention or working memory.          

 Given the DN’s role in accessing working memory representations  
in the service of goal-directed cognition (40–42, 47), we hypothesized  
that the DN would coactivate with frontoparietal control regions  
during task-relevant versus irrelevant trials. In light of the DN’s estab-
lished role in long-term memory (37, 51), we hypothesized that the  
modulation of DN activity by task relevance would be stronger for  
famous relative to anonymous stimuli. Because these large-scale net-
works are functionally heterogeneous (38, 52), we further expected  
that distinct activation patterns may arise across known DN and  
FPCN subnetworks (53). We hypothesized that effects of task rele-
vance would reflect context-dependent enhancement and suppression D
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C

Fig. 1.     Overview of the Study Design 
and Behavioral Performance. (A) The 
experimental paradigm used a mixed 
block/event-related  design with sep-
arate blocks for each task interleaved 
with fixation periods. N-back  task 
blocks featured streams of trials in-
volving famous and anonymous faces 
or places, with N-back  matches sepa-
rated by a variable number of stimuli (0 
to 3). The categorization block included 
interleaved famous and anonymous 
face and place trials. (B) Experimental 
conditions and their relationship to 
the cognitive processes under investi-
gation, illustrating how stimulus fame 
interacts with the selective working 
memory task block to determine trial 
task-relevance.  (C) The figures display 
the distributions of behavioral indices, 
means, and 95% CIs. Connecting lines 
between means highlight statistically 
significant differences between condi-
tions. i) Mean participant accuracy and 
RT (on correct trials only) as a function 
of task (N-back  vs Categorization); ii) 
Mean participant accuracy and RT (on 
correct trials only) for N-back  trials as 
a function of task relevance, fame, and 
domain. Dashed lines highlight statis-
tically significant differences between 
fame conditions, and solid lines high-
light significant differences between 
task relevance conditions. iii) Memory 
for relevant N-back  trials as a function 
of fame and domain. D prime quanti-
fies the ability to discriminate between 
“old” (i.e., repeat) vs “new” stimuli. 
Criterion C quantifies response bias, 
with lower values suggesting a higher 
tendency to report that a stimulus had 
been previously seen (i.e., it is a repeat 
trial). Note: The behavioral analyses on 
accuracy and RTs were conducted on 
individual trial-level  data, but aggre-
gate metrics are displayed for ease of 
visual interpretation. 

of regional activation magnitude, consistent with established models  
of top–down neuromodulation (10). Finally, we predicted that the  
selective working memory task would shape whole-brain activation  
patterns along the macroscale principal connectivity gradient, demon-
strating recruitment of the heteromodal end and, thus, reliance on a  
perceptually decoupled brain state. 

Results 

 We investigated the brain activity underpinning selective attention  
to famous (memory-enhanced) versus anonymous (memory-
independent) stimuli within an N-back selective working memory  
task where stimulus relevance (relevant vs. irrelevant) was manip-
ulated based on prior knowledge (famous vs. anonymous) across 
two stimulus domains (faces vs. places). We first present our 
behavioral findings before presenting the results of the brain acti-
vation analyses. 

Behavioral Performance Is Modulated by Task, Stimulus 
Relevance, and Prior Knowledge. As expected, performance was 
worse during the selective working memory conditions versus the 
categorization control task. Participants provided more accurate 
responses on categorization versus N- back trials (Fig. 1C; Odds 
Ratio = 0.7, SE = 0.055, z = −6.3, P < 0.001). There was no effect 
of task condition on reaction times (RTs) during accurate trials 
(std. β = −0.0045, SE = 0.013, z = −0.36, P = 0.72). 

B ased on previous findings, we predicted that N-back perfor-
mance would be enhanced for famous (memory-enhanced) versus  
anonymous (memory-independent) stimuli as long-term memory  
associations have been shown to improve working memory per-
formance (47, 54, 55). To ensure participants had prior knowledge  
of the famous faces and places, only stimuli that were correctly 
recognized as famous in a postscan manipulation check were 
included in the following behavioral analyses. Performance was 
more accurate on famous than anonymous faces and places during  
goal-relevant trials (Fig. 1 C; Faces: marginal means difference 
(MMD) = 0.53, SE = 0.15, P < 0.001; P laces: MMD = 0.38, SE  =   
0.14, P = 0.0085). I n contrast, performance was less accurate  
on famous versus anonymous face trials when fame was goal-
 irrelevant (i.e., distracting) (MMD = −0.51, SE = 0.22, P = 
0.019), although this effect was not observed for places (MMD  =  
0.18, SE = 0.2, P   = 0.35). These results demonstrate that access  
to prior knowledge can both support and hinder task perfor-
mance depending on the goal-relevance of that prior knowledge.  
No significant effect of fame was observed on RTs during correct  
trials (Table 1 ). 

 To further interrogate the effect of fame on working memory 
performance, we modeled participants’ responses during goal-
relevant N-back trials using signal detection metrics (56) (Fig. 1 C).  
Participants showed better memory discrimination (higher d 
prime) between novel and repeat (match) stimuli for famous versus  D
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   Table 1. Summary of statistical results from behavioral analyses 
Behavior Predictor Estimate SE t P 

Accuracy Fame 1.16 0.11 1.34 0.18 
Task Relevance 0.09 0.07 −37.09 <0.001*** 
Domain 1.33 0.11 2.62 0.01** 
Fame * Task Relevance 1.86 0.13 4.73 <0.001*** 
Fame * Domain 0.76 0.22 −1.25 0.21 
Task Relevance * Domain 0.91 0.13 −0.73 0.46 
Fame * Task Relevance * Domain 2.32 0.26 3.22 <0.001*** 

RT Fame 0.01 0.02 0.26 0.79 
Task Relevance 0.21 0.01 16.87 <0.001*** 
Domain −0.14 0.02 −6.88 <0.001*** 
Fame * Task Relevance −0.02 0.02 −0.71 0.48 
Fame * Domain 0.02 0.04 0.46 0.64 
Task Relevance * Domain −0.01 0.02 −0.55 0.58 
Fame * Task Relevance * Domain −0.11 0.05 −2.31 0.02* 

D Prime Fame 0.14 0.12 1.17 0.25 
Domain 0.37 0.1 3.66 <0.001*** 
Fame * Domain 0.37 0.18 2.01 0.05* 

Criterion C Fame −0.66 0.13 −4.95 <0.001*** 
Domain −0.23 0.13 −1.73 0.09 
Fame * Domain 0.43 0.27 1.6 0.11 

Note. Estimates represent Odds Ratios for the Accuracy analysis and regression beta coefficients for the RTs, D Prime and Criterion C analyses. RT = reaction times, SE = the SE of the 
estimate of interest (either Odds Rations or beta coefficients). 

anonymous faces (MMD = 0.21, SE = 0.1, P  = 0.036). This fame  
effect was only trending for places (MMD = −0.03, SE = 0.1,   
P  = 0.077). P articipants were generally cautious about reporting  
stimuli as previously seen (Criterion C > 0); however, this con-
servative response bias was reduced for famous compared to  
anonymous faces and places (lower Criterion C; Table 1 ). These  
results show that prior knowledge improves working memory  
performance while also biasing response strategy to reduce misses,  
at the risk of incorrectly endorsing novel famous stimuli as  
N-back matches.  

Patterns of Brain Activity are Modulated by Task, Stimulus 
Domain, and Prior Knowledge.  To confirm whether our core 
manipulations were effective in altering brain responses, we first 
examined whether patterns of BOLD activity differed based on 
task (N-back vs. Categoriz e) and stimulus domain (faces versus 
places). To this end, we used partial least squares (PLS), a data- 
driven multivariate analysis (57, 58) that can detect whole-brain  
patterns of task-r elated coactivation. A significant pattern of 
brain activity dissociated the two tasks (P < 0.001; Fig. 2B and 
SI Appendix, Table S1). Sustained N-back task per formance over 
the block was associated with increased BOLD signal in regions 
overlapping significantly with the FPCN and DAN (Fig. 2C), 
as quantified using the dice coefficient and spin permutation 
significance testing (cf., (59). These regions included the 
presupplementary motor area, precuneus, middle frontal gyri, 
bilateral anterior insula, intraparietal sulci, and the right inferior/ 
middle temporal gyrus (Fig. 2A). Conversely, Categorization task 
performance was associated with activation of a distinct set of 
regions including the cingulate cortex, left pre- and postcentral 
gyri, bilateral posterior insula, and fusiform gyri. Next, we 
examined sustained activity associated with working memory for 
faces versus places. A significant pattern of activity dissociated face  
from place N- back blocks (P < 0.001; Fig. 2F and SI Appendix, 
Table S2). Consistent with previous research, we found that faces 
elicited peak activation in the right posterior fusiform gyrus 
(Fig. 2E), referred to as the fusiform face area due to its selective 

response to faces (60). Conversely, places were associated with peak  
activation in the left parahippocampal gyrus, referred to as the 
putative parahippocampal place area due to its selective response 
to scenes (61). 

 To test our prediction of DN involvement during access to prior  
knowledge, we next examined transient activity associated with 
processing a famous relative to an anonymous stimulus. To ensure  
participants had prior knowledge of the famous faces/places, only 
stimuli correctly rated as famous in a postscan manipulation check  
were considered in this analysis, as well as the analyses reported 
below. Moreover, to control for any recent memory effects, we 
analyzed only the first occurrence of each specific face or place 
during the experimental session. A significant pattern of activity 
dissociated famous from anonymous stimuli, irrespective of 
domain (P < 0.001, explaining 48.46% of the co variance; Fig. 2 J  
and SI A ppendix, Table  S3). This confirmed that famous faces and  
places engaged regions that significantly overlap with the DN 
(Fig. 2 K), including medial prefrontal cortex, precuneus, left mid-
dle temporal gyrus, and angular gyri (Fig. 2 I). In contrast, anon-
ymous faces and places were associated with regions largely 
overlapping with the visual network and DAN, including bilateral  
occipital cortex, supplementary motor area, and middle frontal 
gyrus. In line with previous research showing preferential DN 
engagement by social compared to nonsocial information (62, 
63), the fame-related activation pattern was expressed more 
strongly for faces than for places. 

 To aid interpretation of the whole-brain covariance patterns, 
we show BOLD signal magnitude differences relative to block/ 
trial onsets from regions exhibiting reliable task-related covariance  
(Fig. 2  D, H, and L), in line with common practices (e.g., 37, 64, 
65). These plots are descriptive rather than inferential.  

Frontal Parietal Control and Default Network Region Activity 
Covaries During Selective Attention. Having demonstrated 
that our core task manipulations were associated with predicted 
differences in brain responses, next we tested our main prediction 
that DN activation supports selective working memory. Trials were  
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Fig. 2.     (A–D) Differences in sustained 
activity during N- back vs Categoriza-
tion blocks. The maps show the top 
5% of voxels based on BSR values 
(BSR > ± 2.87, equivalent to P  < 0.004). 
(E–H) Differences in sustained activity 
during Face vs Place N-back  blocks. 
The maps show the top 5% of voxels 
based on BSR values (BSR > ± 2.29,  
P  < 0.022). (I–L) Differences in transient  
activity evoked by famous compared  
to anonymous stimuli. The maps  
show the top 5% of voxels based on  
BSR values (BSR > ± 2.37, P  < 0.018).   
(B, F, and J) The mean brain scores  
(±SD) associated with the statistically  
significant LVs. (C, G, and K) The de-
gree of overlap between the brain  
patterns associated with the positive  
(red) and negative (blue) expression of  
the LV (thresholded at |BSR| > 1.96,  
P  < 0.05) and the 7-network  parcella-
tion from Yeo et al. (53). Solid colors  
indicate statistically significant over-
lap, while transparent colors indicate  
nonsignificant overlap. (D, H, and L) 
Descriptive plots of the mean BOLD  
signal change (±95% CIs) relative to   
trial/block onset in representative   
regions highlighted by white circles on  
the corresponding activation maps. The  
distribution across participants is also  
displayed—solid colors indicate statis-
tically significant increases/decreases  
from baseline, while transparent colors  
indicate the lack of significant changes  
from baseline. The dashed lines high-
light statistically significant differenc-
es between conditions. Note. BSR  =  
bootstrap ratio; SM = somatomotor  
network; VAN = ventral attention net-
work; DAN = dorsal attention network;  
FPCN = frontoparietal control network;  
DN = default network; BOLD = blood  
oxygen level–dependent signal. 

collapsed across domain, given our finding that DN is engaged 
by fame regardless of domain (Fig. 2 I–K). Only correct trials and 
only the first instance a stimulus was task-r elevant and irrelevant 
were considered. There was one significant pattern of activity that 
covaried with the task conditions. Contrary to predictions, this 
pattern dissociated relevant from irrelevant stimuli, irrespective 
of fame (P < 0.001; Fig. 3B and SI Appendix, Table S4). Task- 
relevant famous and anonymous stimuli elicited activation in 
extensive regions of frontal, parietal, and temporal cortices 
(Fig.  3A). This activity pattern showed statistically significant 
overlap with the DN and the FPCN (Fig. 3C). Task- irrelevant 
famous and anonymous stimuli engaged the bilateral occipital 
cortices, parahippocampal gyrus, presupplementary motor area, 
and left pre- and p ostcentral gyri. This activity pattern overlapped 
significantly only with the visual network. The effect was reliably 
observed across regions containing topographic maps of visual 
space and was particularly pronounced in higher- level occipito- 
temporal regions (SI Appendix, Fig. S3B). 

 Next, we conducted a control analysis to examine whether selective  
attention explained more variance in brain activity patterns than the  
other task manipulations. We split the trials by task-relevance, fame,  
and domain, and the main effects of each factor were explicitly mod-
eled in a PLS analysis. Task-relevance was the only significant contrast  

(SI A ppendix, Fig. S1 B), explaining 91.2% of the covariance (P < 
0.001), whereas fame explained 3.95% (P  = 0.71) and domain  
explained 4.84% (p = 0.28). The whole-brain pattern of neural activ-
ity (SI A ppendix, Fig. S1 A) dissociated task relevant from irrelevant  
trials irrespective of stimulus fame and domain in this control analysis  
and was virtually identical to the main data-driven analysis (r = 0.996,  
spin permutation P  = 0.001). This demonstrates that the selective  
attention manipulation, whether a trial was task-relevant or irrelevant,  
explained more variance in whole brain covariance patterns of BOLD  
signal than whether it was famous or anonymous or whether it was  
a face or place. 

 In a final control analysis, we tested whether the effect of task  
relevance on brain activity was specific to top–down control, or  
whether it could be explained by confounding lower-level processes.  
To address this question, we compared transient activity evoked by  
relevant and irrelevant N-back trials, with that evoked by categori-
zation trials, which placed greater demands on bottom–up percep-
tual processing without the need for selective working memory.  
Only the first instance of a stimulus (when it was task-relevant,  
irrelevant, or categorized) were considered for analysis. We found a  
significant pattern of neural activity (SI A ppendix, Fig. S1 D) that  
dissociated relevant from irrelevant trials, regardless of fame, and  
which was nearly identical to that observed in the main analysis   D
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Fig. 3.     Differences in the transient  
activity evoked by Relevant vs Irrele-
vant famous/anonymous stimuli. (A) 
The whole brain pattern associated  
with the only significant LV. The maps  
show the top 5% of voxels based on  
BSR values (BSR > ± 5.47, equivalent  
to P  < 4.42e−08). (B) The mean brain  
scores (±SD) associated with the LV, in-
dicating a main effect of task relevance  
irrespective of fame. (C) The degree of  
overlap between the brain patterns  
associated the positive (red) and the  
negative (blue) expression of the LV  
(thresholded at BSR > 1.96, P  < 0.05)  
and the 7-network  parcellation from  
Yeo et  al. (53). Solid colors indicate  
statistically significant overlap, while  
transparent colors indicate nonsignifi-
cant overlap. (D) The mean BSR scores  
(±99% CIs) across the voxels that fall  
within each bin of the principal gradi-
ent from Margulies et al. (43). The dis-
tribution of BSR values across all voxels  
is also displayed—solid colors indicate  
statistically significant differences from  
the BSR threshold of reliability, while  
transparent colors indicate nonsignif-
icant differences. (E) The mean BSR  
scores (±99% CIs) across the voxels  
that fall within the extended DN and  
FPCN subnetworks from Yeo et al. (53).  
The dashed lines indicate BSR = ±1.96  
(equivalent to P  = 0.05). Note. BSR =  
bootstrap ratio; SomMot = somatomo-
tor network; VAN = ventral attention  
network; DAN = dorsal attention net-
work; FPCN = frontoparietal control  
network; DN = default network. 

(r = 0.994, spin permutation P  = 0.001). Notably, categorized anon-
ymous trials covaried with the irrelevant N-back trials but expressed  
the neural activity pattern to a lesser extent, while categorized  
famous trials did not align with this activity pattern (SI A ppendix, 
Fig. S1 E). When comparing only task-relevant and categorization  
trials, a similar overall pattern was observed, but categorization trials  
showed a response opposite to relevant trials irrespective of fame  
(SI A ppendix, Result and Fig.  S5). These results confirm that DN  
and FPCN coactivation during the N-back task is not driven by  
bottom–up processes and is specific to top–down control. 

 The finding that transient increases in visual cortex activation are  
negatively related to task-relevant trials may seem counterintuitive.  
Rather than a lack of activation in response to visual stimuli, this effect  
reflects relative differences between stimuli selected for further  
goal-directed processing, and irrelevant stimuli that must be inhibited.  
In a supplementary analysis (SI A ppendix, Result and Fig.  S2), we  
confirmed that, compared to fixation only rest blocks, the task blocks  
elicited sustained activation in both low-level and higher-order visual  
regions (SI A ppendix, Fig.  S3A). Therefore, the transient visual cortex  
deactivation observed for task-relevant versus irrelevant trials occurs  
against a background of sustained activation. Furthermore, although  
we observed opposing activation patterns in frontal control and visual  
regions during relevant versus irrelevant trials, we found that FC  
between frontal control and category-selective perceptual cortex sup-
ported the maintenance of task-relevant stimuli in working memory,  
consistent with current models of working memory (66) (SI A ppendix, 
Result and Fig. S4 ). 

Frontoparietal Control and Default Network Engagement 
During Selective Attention Varies Across Subnetworks. Having 
identified a role for the FPCN and DN in selective working 
memory, and recognizing that these large-scale networ ks are 

functionally heterogeneous (38, 52), we next examined whether 
and how subnetworks within the FPCN and extended DN 
(Fig. 3E) were reliably modulated by selective attention, enabling 
more spatially specific network- level inferences. The extended 
DN includes regions from the default, limbic, and temporo- 
parietal (Temp- Par) subnetworks, as defined by Yeo et al. (53). 
The inclusion of the Limbic subnetwork is based on its affiliation 
with the DN in our recent work (67), while Temp- Par regions 
are affiliated with the DN at coarser resolutions (53) and are 
consistent with a language network (68). Except for DN-C,  all 
extended DN subnetworks, including DN- A, DN- B, Limbic, and  
Temp- Par, were reliably engaged by task- relevant compared to 
task- irrelevant trials (Fig. 3E and SI Appendix, Table S6). Among 
the FPCN subnetworks, only FPCN-A sho wed reliable activation  
to task-r elevant versus irrelevant trials. This is consistent with the 
FPCN-A ’s close affiliation with the DN (52). These findings 
highlight the widespread engagement of the DN, in contrast to 
the more spatially circumscribed involvement of the FPCN. 

Brain Activity in Visual and Default Network Shows Context- 
Dependent Enhancement and Suppression. Consistent with 
neuromodulation theories of top–down attentional control 
(10, 66), neural activity differences between task- relevant and 
task- irrelevant trials may arise from enhanced activation to 
relevant trials, suppressed activation to irrelevant trials, or both. 
Differential enhancement and suppression of neural activity 
in response to relevant and distracting information, relative to 
baseline activation levels, is a neural signature of successful top– 
down modulation (10, 69). Therefore, we tested whether DN 
and visual regions exhibited both enhanced processing of relevant 
stimuli and suppressed processing of irrelevant stimuli relative to 
the nonselective perceptual processing during the categorization D
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Top-down Enhancement and Suppression of Activation 

Extended Default Network 

 

Fig. 4.     Top–down enhancement and suppression of the magnitude 
of activation in the extended DN, FPCN-A,  and Visual networks. Mean 
standardized t scores (±95% CIs) for the contrast between selective working 
memory task trials and categorization baseline trials, as a function of task 
relevance and fame. Solid colors indicate statistically significant increases/ 
decreases relative to the categorization baseline, while transparent colors 
indicate nonsignificant changes. 

trials. Enhancement was indexed by BOLD signal increases relative  
to the categorization baseline, while suppression was indexed by 
BOLD signal decreases relative to categorization baseline. These 
indices were extracted from DN and FPCN subnetworks, and 
from the visual network. 

 The DN subnetworks, FPCN-A, and the visual network showed  
distinct patterns of enhancement and suppression (Fig. 4  and  
SI A ppendix, Table  S7). Consistent with its role in executive control  
(23), including attention and inhibition, FPCN-A exhibited  
enhanced activation during both task-relevant and task-irrelevant  
trials relative to nonselective perceptual categorization. In contrast,  
the DN and visual networks demonstrated context-dependent neu-
romodulation. DN-A and DN-B showed enhanced activation during  
task-relevant trials but suppressed activation during task-irrelevant  
trials relative to nonselective perceptual categorization. Suppression  
relative to categorization within these DN subnetworks reached  
group-level significance only for anonymous trials. The lack of DN  
suppression relative to categorization during task-irrelevant trials  
involving famous stimuli might reflect the interference of prior  
knowledge associations with the effective deployment of inhibitory  
control, consistent with the behavioral performance observed in these  
trials. The Temp-Par and Limbic networks from the extended DN  
showed suppression during task-irrelevant trials relative to categori-
zation, but no enhancement. Finally, the visual network displayed  
the opposite pattern to the DN, with enhanced activation during  
task-irrelevant trials and suppression during task-relevant trials relative  
to nonselective perceptual categorization.            

Selective Attention Shifts Brain Activity Along the Principal 
Gradient. Our results suggest that, unlike perceptually guided 
selective attention, which recruits sensory regions, selective 
attention involving memory processes involves coactivation 
between FPCN regions and DN regions. This raises the question 
of whether selective attention is underpinned by the modulation 
of neural activity along the principal gradient which differentiates 
unimodal and heteromodal cortices (Fig.  3D). This principal 
gradient accounts for the largest variance in macroscale task-fr ee 
FC, underscoring its role as a behaviorally relevant brain state 
(70) that separates sensory from higher-or der cognitive processes, 
including those supported by both DN and FPCN regions (43). To  
test this possibility, we computed the spatial correlation between 
the unthresholded selective attention effect map (SI  Appendix, 
Fig. S3B) and the principal gradient map computed by Margulies 

et al. (43) based on an independent task- free fMRI dataset (for 
a similar approach, see ref. 50). This revealed a statistically 
significant positive correlation between the position along the 
gradient and the strength of modulation by selective attention 
(r = 0.432, P = 0.015). Specifically, the more a voxel’s task- free 
FC resembled the heteromodal end of the principal gradient the 
stronger its activation to goal-r elevant versus irrelevant trials. These  
results suggest that selective attention involving memory processes  
dynamically shifts brain activity between sensory cortices and 
higher- order heteromodal regions, depending on task demands. 

 We then identified the specific portions of the principal gradient  
that showed a reliable task relevance effect. To this end, we divided  
voxels into ten bins based on their position along the gradient—lower  
bin values correspond to voxels closer to the unimodal end, while  
higher bin values correspond to voxels closer to the heteromodal end.  
Only Bins 9 and 10, representing the heteromodal extreme of the  
gradient (which includes DN and FPCN regions, see ref. 43), were  
reliably engaged by relevant compared to irrelevant stimuli, while Bin  
8 approached significance (Fig. 3 D and SI A ppendix, Table  S5). These  
findings suggest that selective working memory is supported by het-
eromodal regions located at the top-end of the principal gradient. 

R eliable engagement of heteromodal cortices was also observed  
for attentional selection relative to the categorization control con-
dition (SI A ppendix,  Result and Fig.  S5). This analysis also showed 
that nonselective perceptual decisions reliably engaged Bin 2 
located at the unimodal end of the principal gradient. This finding  
aligns with the view that decisions guided by memory and those 
based on available perceptual input recruit opposite ends of the 
principal gradient (40–42). 

Discussion 

 The capacity to selectively attend to incoming information based  
on goal-relevance has been largely studied through the lens of  
perceptual features (e.g., size, shape, perceptual category) of stimuli  
lacking long-term memory associations. In everyday life, what we  
selectively attend to is also determined by our prior knowledge,  
and the targets of attention are often familiar. Yet, there have been  
relatively fewer studies examining selective attention guided by  
prior knowledge. The primary aim of the current study was to  
examine the neural correlates of selective attention, focusing on  
how memory-independent (anonymous) versus memory-enhanced  
(famous) stimuli are selected for working memory-based decision-
making amid distractors. Our findings offer valuable insights into  
how the brain enables the interplay between selective attention  
and memory retrieval, highlighting a role for the DN in actively  
supporting selective working memory when task relevance is deter-
mined by long-term memory associations. 

 We first provided behavioral evidence that selective attention 
can be either enhanced or hindered by prior knowledge associa-
tions during a working memory task, depending on the goal rel-
evance of that prior knowledge. Next, we demonstrated that DN 
brain regions were preferentially engaged by famous relative to 
anonymous stimuli, consistent with our previous findings that the  
DN serves as a gateway to stored prior knowledge representations 
in the service of goal-directed cognition (47). In contrast to pre-
vious investigations that implicate coactivation of control and 
sensory regions in perceptually guided selective attention, here we 
showed that selective attention involving memory processes 
depends on extensive coactivation across frontal, temporal, and 
parietal cortices belonging to the FPCN and DN. Specifically, we 
observed that task-relevant stimuli increased activation in the 
frontal  poles,  posterior middle temporal  gyrus and anterior inferior  
parietal lobule of the FPCN-A subnetwork, the medial prefrontal 
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 In a data-driven multivariate analysis, we found that selective  
working memory modulated DN activity. Task-relevant trials  

 We expected that, given its role in long-term memory retrieval, 
DN activity would be more strongly modulated by selective atten-
tion to memory-enhanced (famous) compared to memory-
independent (anonymous) stimuli. Such a pattern would mirror 
the response of sensory regions specialized for processing task-
relevant perceptual features during perceptually guided selective 
attention (e.g., ref. 10). Contrary to this expectation, we found 
comparable DN responses to relevant trials regardless of stimulus 
fame in the whole-brain analyses. This could be due to the fact 
that, although unfamiliar faces and places lack unique long-term 
memory associations, they can trigger retrieval of memories of 
distinct yet similar unique entities or more generic prior knowl-
edge (e.g., social categories and associated stereotypes) which also 
engages DN regions (87–89). Furthermore, determining whether 
a stimulus is anonymous or famous requires an active search of 
long-term memory, which could itself recruit the DN. As a result, 
interleaving famous and anonymous stimuli may reduce sensitivity  
to more subtle fame effects. Methodological approaches that can 
disentangle selective attention based on prior knowledge from the  
subsequent decision stage (cf., 90), along with more precise exper-
imental manipulations of access to prior knowledge during cog-
nitive control tasks, will be critical for clarifying the DN’s role in 
the interplay between long-term memory access and selective 
attention. Nevertheless, the finding that famous stimuli elicited a 
different pattern of context-dependent enhancement and suppres-
sion relative to anonymous stimuli specifically in the DN suggests  
that DN modulation by selective attention is sensitive to the richer  
mnemonic content of familiar stimuli. 

cortex and posterior cingulate cortex of DN-A, the inferior and 
superior frontal gyri, lateral temporal cortex, and angular gyri of 
DN-B, the superior temporal gyri of the Temp-Par subnetwork, 
and the ventromedial, orbitofrontal, and anteroventral temporal 
cortices of the Limbic subnetwork within the extended DN. We 
demonstrated that DN and visual cortex responses during selective  
attention were driven by opposing patterns of context-dependent 
enhancement and suppression relative to nonselective perceptual 
processing, which is characteristic of top–down neuromodulation.  
Critically, in line with a role for the DN in long-term memory, only  
the DN exhibited a fame-dependent task-relevance effect. Specifically,  
the DN exhibited suppressed activation for task-irrelevant trials rel-
ative to perceptual categorization only in response to memory- 
independent (anonymous), but not memory-enhanced (famous)  
stimuli. Finally, we demonstrated that selective working memory  
modulates brain activation along the unimodal-to-heteromodal 
principal gradient. Whole brain activation observed during the 
selection of goal-relevant stimuli was observed in higher-order 
heteromodal cortices, including DN regions, consistent with reli-
ance on internally oriented and perceptually decoupled thought. 
Collectively, our findings reveal that selective attention is sup-
ported by a top–down modulatory mechanism involving coacti-
vation of frontoparietal control and default regions, suggesting 
that attentional control can interact with either memory or per-
ception in the service of goal directed cognition, and these are 
subserved by different neural mechanisms. 

Default Network Involvement In Interactions Between Selec-
tive Attention and Memory.  We replicated previous findings 
implicating the DN in retrieval of long-term memories ( 31, 
36, 37, 71), including knowledge about unique entities (47, 
72, 73), by showing that famous stimuli activated DN regions 
regardless of stimulus domain. Stored knowledge about unique 
entities, such as familiar people and landmarks, differs from other 
types of prior knowledge because it includes proper names and 
idiosyncratic semantic and autobiographical associations (72). 
These unique attributes put them at the extreme of a semantic 
specificity continuum spanning from unique (e.g., Empire State 
Building, Barak Obama) to less specific (building, president) to 
general categories (human-made objects, humans). The effect of  
fame on brain activity was accompanied by enhanced behavioral 
performance for famous relative to anonymous stimuli when 
fame was aligned with task goals. This behavioral effect may 
reflect the benefits of semantic elaboration on episodic encoding 
(74). Alternatively, the association of famous stimuli with proper 
names could support a rehearsal strategy aiding working memory 
maintenance, though this seems unlikely given the variable number  
of intervening stimuli between N-back matc hes and weak evidence  
for articulatory rehearsal benefits in working memory (75). In 
contrast, during task- irrelevant trials, fame was associated with 
reduced behavioral performance, suggesting greater attentional 
capture by famous stimuli. This heightened distraction may explain  
why the DN was suppressed only for anonymous but not famous 
task- irrelevant stimuli. The negative behavioral effect of fame on 
task- irrelevant trials was stronger for famous faces than places, 
consistent with our observation of greater DN responsiveness to 
famous faces. This may be attributed to the higher attentional 
salience of faces (76), and greater DN recruitment during social, 
as opposed to nonsocial, information processing (62, 63). These 
results demonstrate that prior knowledge can both benefit and 
hinder cognitive control depending on goal relevance. 

elicited greater DN activation compared to irrelevant trials. Unlike  
irrelevant trials, relevant trials involved comparing percepts with  
information stored in working memory and encoding them for  
future goal-directed use. As prior research implicates the DN in the  
retrieval rather than the encoding stage of episodic memory (77– 
79), DN’s specific contribution to task relevant stimuli likely reflects  
the prioritization of memory representations of previous trials. This  
interpretation is consistent with research implicating the DN in  
decisions based on working memory contents rather than on avail-
able perceptual inputs, even when the stimuli lack long-term mem-
ory associations (40, 41, 80, 81). Given its maximal physical and  
functional distance from sensorimotor areas (43), it has been sug-
gested that DN is optimally suited to support perceptually decoupled, 
memory-guided cognition (43, 44). Thus, our findings support the  
proposed link between DN and perceptual-decoupling, and extend  
it by showing that DN recruitment during memory-guided thought  
and action is not purely automatic (cf., 82), but can also be subject  
to top–down attentional control. In other words, DN engagement  
might reflect a working memory signal that is gated by goal rele-
vance via top–down control signals (cf., 1, 83, 84). 

A t the subnetwork level, selective attention reliably modulated 
most subnetworks within the extended DN, including medial and  
lateral frontoparietal cortices, as well as lateral temporal cortex, 
but not DN-C, which comprises the medial temporal, retrosple-
nial, and posteroventral parietal cortices. The lack of a reliable 
effect in DN-C may be due to differential responses in its anterior 
and posterior portions: Anterior medial temporal lobe regions, 
particularly in the left hemisphere, responded preferentially to 
task-relevant stimuli, while posterior regions responded more to 
irrelevant stimuli. This aligns with well-documented functional 
distinctions along the medial temporal lobe’s anterior–posterior 
axis, which have been linked to several potential factors, including  
processing gist versus details, and entities versus context (85, 86). 
While the underlying drivers remain unclear, our findings rein-
force the broader literature on anterior–posterior functional spe-
cialization within DN-C. 
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Altogether , these findings suggest that the DN fulfills distinct 
roles  during  selective working memory  guided by prior  knowledge.  
Its greater activation to famous versus anonymous faces and places  
highlights its importance for representing prior knowledge, and, 
by extension, assessing goal relevance to guide attentional selec-
tion. Its enhancement by task-relevant stimuli and suppression by  
irrelevant stimuli highlights its contribution to working memory, 
supporting the prioritization of working memory when goal rel-
evant and its inhibition when encountering distractors. Finally, 
the fame-dependent effect of task relevance on DN suppression 
might suggest an interplay between automatic long-term memory  
retrieval and goal-relevance-gated working memory.  

Implications for Neurocognitive Theories of Selective Attention.  
Contemporary theories of selective attention ascribe a key role 
of top–down modulation of sensory cortices by control signals 
from the FPCN and DAN (66, 91–93). These theories predict 
coactivation of both prefrontal control regions and sensory 
areas specialized for processing task-r elevant information during 
attentional selection. In line with these models, we observed 
sustained coactivation of FPCN and DAN regions during 
the selective N-back wor king memory task compared to the 
nonselective Categorization task. However, contrary to these 
predictions, within the N-back task block, w e observed opposing 
transient responses in prefrontal control and sensory regions: 
Compared to irrelevant trials, relevant trials increased FPCN 
activation but reduced visual network activation. Relative visual 
network disengagement during task-r elevant trials likely reflects a 
temporary reallocation of cognitive resources away from detailed 
perceptual processing of the immediate sensory input to enable 
comparison between the current percept and representations of 
previous trials stored in higher-or der cortices. Two additional 
findings support this interpretation. First, our control analysis 
showed that the visual network responded to both irrelevant N- 
back trials and categorization trials. This suggests that its activation  
was driven by lower-lev el processes and is consistent with its well- 
documented role in online visual processing (94, 95). Second, 
modulation of visual cortex activation by selective attention 
reflected suppression during relevant trials but enhancement 
during irrelevant trials relative to the perceptual categorization 
baseline. This demonstrates that, rather than being a general 
effect, suppression occurred specifically during trials that required 
decisions based on working memory contents. Our interpretation  
is consistent with single- unit studies in macaques showing that 
early visual areas primarily encode perceptual information, whereas  
downstream higher-or der association regions contain neuronal 
populations that represent both percepts and working-memor y 
contents (96). Recent fMRI work in humans further shows that 
spatial tuning in visual cortex is weaker, less precise, and less 
variable across visual areas during working memory maintenance 
compared to tuning during bottom–up visual processing (97). 
Such findings challenge the view that working memory critically 
depends on sensory reactivation (98). One explanation of prior 
reports of increased sensory cortex BOLD activity during selective  
attention and working memory is that such activity reflects top– 
down feedback from higher- order regions rather than bottom– 
up perceptual processes (99, 100). This view is consistent with 
evidence that, in some contexts, the BOLD signal tracks local 
field potentials more closely than neuronal spiking activity (101). 
Under this account, the observed enhancement of visual network 
activity for stimuli that had to be ignored could reflect increased 
inhibitory top–down input from cognitive control regions, 
whereas suppression for task- relevant stimuli might reflect release 
from such inhibitory input. Critically, this interpretation rests on 

the hypothesis that BOLD reflects incoming synaptic input more 
closely than local neuronal output, with top–down modulatory 
signals influencing the former more than the latter (99), and it 
remains to be directly tested. Our findings contribute to this body  
of evidence by suggesting that the momentary suppression of the 
BOLD response in the visual cortex is a crucial mechanism of 
selective working memory. 

 Past research reported preferential processing of goal-irrelevant 
information in the DN instead of sensory regions (102, 103). 
Contrary to this, we found that task-relevant, rather than irrele-
vant trials, elicited DN activation. This pattern was observed even 
though relevant trials were more difficult, as revealed by less accu-
rate and slower behavioral responses, and demonstrates that the 
DN can contribute actively to cognitive control tasks, challenging  
the traditional “task-negative” view of DN function (104). Two 
results are consistent with this idea. First, DN activation was mod-
ulated by task-relevant versus irrelevant N-back trials, but not by 
Categorization trials, which did not impose cognitive demands 
on working memory or selective attention. This shows that DN 
activation was specific to trials that required greater top–down 
control. Second, the pattern of task-dependent enhancement and 
suppression of DN activity relative to baseline is consistent with 
the neural signature of top–down modulation. The combination 
of enhancement and suppression generates a neural contrast that 
shapes processing to suit changing task demands and is reliably 
observed in sensory regions during perceptually guided selective 
attention (10, 105). This suggests that, when attentional selection 
is based on the availability of long-term memory associations and 
involves decisions based on working memory contents, the DN 
exhibits a response pattern consistent with that observed in sensory  
regions during perceptually guided selective attention. 

 We also demonstrated that FPCN’s contribution to selective  
attention extends to a context in which the goal relevance of stimuli  
depends on prior knowledge rather than external perceptual infor-
mation. This finding is consistent with FPCN’s role as a key source  
of top–down control (12–14). Challenging its purported antago-
nistic relationship with the DN (106), we observed coactivation of  
these two networks during selective working memory. Along with  
recent studies showing activation of both networks during cognitive  
control tasks requiring memory retrieval (47–50), as well as flexible  
encoding of goal-relevant information in the local activity patterns  
of both networks (107, 108), our findings demonstrate that FPCN  
and DN can coactivate to support selective attention. This under-
scores the cognitive relevance of the principal gradient that high-
lights similarities in the task-free FC of DN and FPCN (43), and  
thus, a propensity for FPCN-DN collaboration. The importance  
of FPCN-DN collaboration in goal-directed cognition is further  
supported by the fact that both networks contain regions that  
exhibit preferential coupling with the other network. The left infe-
rior frontal gyrus and posterior middle temporal gyrus within  
DN-B, which are key for the controlled retrieval of long-term mem-
ory (109–111), show strong coupling with FPCN regions (112, 
113). Conversely, the FPCN-A subnetwork shows preferential cou-
pling with DN regions (52) and was the only FPCN subnetwork  
reliably activated by goal-relevant trials in the current study (also  
see ref. 30). Unlike the DN, which showed only transient activation  
to relevant trials and context-dependent enhancement and suppres-
sion, the FPCN displayed sustained activation throughout the  
N-back task blocks, and enhancement regardless of task-relevance.  
This suggests that DN and FPCN make distinct contributions to  
selective working memory. Specifically, the FPCN’s response pattern  
is consistent with a broader role in top–down control, encompassing  
both the selection of attentional targets for further goal-directed  
processing and the inhibition of distractors. This interpretation  
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aligns with extensive evidence for the FPCN’s domain-general  
involvement in executive functions (114–116). 

F inally, we showed that selective attention modulates activation  
along the unimodal-to-heteromodal dimension of macroscale func-
tional organization. This suggests a push–pull relationship between  
unimodal regions (e.g., the visual network), and heteromodal  
regions (i.e., the DN), depending on whether the current goal  
requires prioritizing perceptual or memory information. The FPCN  
is optimally suited to mediate this relationship, given its character-
istic ability to flexibly adjust its coupling with other brain regions  
across tasks (25). For example, the FPCN increases its functional  
coupling with either the DAN or DN depending on whether the  
task demands externally oriented attention or internally generated  
(e.g., memory) representations (30, 49, 117, 118). In the context  
of selective attention, FPCN couples with sensory regions when  
perceptual features determine task relevance (24, 92) or, as shown  
here, coactivates with the DN when access to prior knowledge can  
support cognitive control. The context-dependent and flexible  
FPCN engagement aligns with its role in orchestrating the dynamic  
allocation of cognitive resources based on goals (23). The internal  
organization of the FPCN may enhance its ability to coordinate  
with regions at either end of the principal gradient. Specifically, the  
FPCN-A and FPCN-B subnetworks exhibit preferential functional  
coupling with perceptually decoupled (DN) vs coupled (DAN)  
processing streams (52). Spatially intermediate FPCN regions show  
an intermediary functional profile suggestive of integration of infor-
mation arising from these relatively segregated neural pathways  
(119, see also 112, 120, 121). 

O ur findings contribute to a growing body of research on the  
neural bases of interactions between attention and memory systems  
(1, 2, 66, 122, 123). Studies of visuospatial orienting guided by epi-
sodic associations similarly implicate FPCN regions, but do not report  
DN engagement, suggesting partly distinct neural correlates for prior  
knowledge-guided spatial attention versus prior knowledge-guided  
selective working memory (124). In contrast, studies examining selec-
tion among items maintained in working memory implicate not only  
FPCN regions but also regions affiliated with the DN, including the  
angular gyrus and inferior frontal gyrus (29, 84, 125). Likewise, a  
study comparing selection among competing perceptual inputs with  
selection among working memory representations reported preferen-
tial engagement of the left inferior frontal gyrus, a DN node, in the  
latter condition (126). Although these effects were more spatially  
restricted than the widespread DN engagement observed here, they  
similarly point to a role for DN regions in selective attention operating  
over working memory representations. Critically, however, these prior  
studies focus on selection among representations already maintained  
in working memory, whereas our task manipulation targets the  
goal-directed selection and prioritization of perceived stimuli for sub-
sequent working memory processing. Studies comparing external  
attention, in which attention is directed toward perceptually available  
stimuli, with internal attention, in which attention is directed toward  
internally oriented, perceptually decoupled states, also implicate the  
DN. Greater DN activation and stronger within-DN FC has been  
observed during episodic retrieval relative to visual search or perceptual  
categorization (127, 128). A study using intracranial EEG found  
increased high-frequency activity (associated with the BOLD 
response) and decreased low frequency activity within the DN during  
autobiographical memory retrieval relative to visual search (129). Also,  
DN shows increased theta band connectivity with FPCN-A during  
spontaneous thought relative to auditory target detection (30).  
Together, these findings suggest a role for the DN in maintaining  
internal attention. To the extent that working memory reflects an  
attentional bias toward an internal state (1, 130), our findings extend  
this literature by demonstrating that goal-dependent modulation of  

DN activity supports top–down control over the engagement and  
suppression of internal attention.  

Conclusions. This study examined the neural basis of selective 
attention beyond contexts that emphasize perceptual information,  
revealing how the brain enables attentional selection guided by 
prior knowledge. Our findings show that, unlike attention driven 
by perceptual features, the FPCN and DN work together to track 
changing task demands and support goal-dir ected attention 
deployment in the context of selective working memory. This 
suggests that selective attention might operate through distinct 
neural pathways depending on whether the current goal requires 
prioritizing perceptual information or memory contents. Notably,  
the FPCN may act as a switch between these pathways, enabling 
us to navigate the constant mix of novel and familiar sensory 
signals we experience in daily life. Returning to our real-world  
vignette from the Introduction, when deciding whether to 
disclose the acquaintance’s personal health information during 
your conversation with a friend, the findings here suggest that 
the FPCN may help disengage attention from the immediate 
conversation anchored in the external environment, and shift 
it internally toward long-term memor y, where coactivation 
with the DN supports the retrieval of relevant prior knowledge. 
This shift allows for a fluid conversation flow to continue 
while ensuring no improper sharing of a confidence. Given 
the seamless transitions between perceptually coupled versus 
uncoupled selective attention that are critically necessary for 
adaptive everyday functioning, understanding how selective 
attention interacts with memory, and the underlying neural 
mechanisms, is crucial. Future research is necessary to explore the 
unique contributions of different memory systems, such as those 
underpinning semantic versus autobiographical knowledge, as well  
as different component processes, such as relevance evaluation 
versus stimulus representation, and working memory encoding 
versus working- memory- based decision- making. This will be 
instrumental in developing a more comprehensive and ecologically  
valid neurocognitive account of flexible, goal- directed behavior. 

Materials and Methods 

Participants.  A total of 34 young adults (Mage = 21.34, SDage = 2.59, 17 women,  
17 men) participated in the study.  Three participants were excluded from the 
analyses because they did not complete a post- scan fame manipulation check 
(n = 1), or failed to correctly recognize at least 40% of famous stimuli (n = 2).  
Therefore, the final sample consisted of 31 participants, with ages ranging from 
18 to 29 y (Mage = 21.37; SDage = 2.55, 15 women, 16 men). All participants were  
right- handed, had normal or corrected-to -normal visual acuity and no history of   
psychiatric, neurological, or other medical illness that could compromise cogni-
tive functions. All participants provided written informed consent. The study was 
approved by the Institutional Review Board of Cornell University. 

Tasks. Participants performed two tasks during the scanning session, as 
detailed below. Responses were made on a button box placed in the partici-
pant’s right hand. 

N-Back Task.  The experimental task was an adapted version of a famous faces 
N-back working memory task ( 47) to transiently evoke DN activity during a sus-
tained working memory challenge, and aligns with the selective working memory  
paradigm previously used to probe perceptually guided selective attention (131). 
Participants were presented with a series of images of famous and anonymous 
faces and scenes (see Fig.  1 for examples) and were required to decide whether 
each image matched the image presented between one and four trials earlier. 

Within each block, participants viewed interleaved famous and anonymous  
images and were instructed to focus on matching either the famous or the anonymous  
stimuli. This manipulation made famous trials task- relevant in the “Match Famous”  
blocks and irrelevant in the “Match Anonymous” blocks, with the reverse applying  
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to anonymous trials (Fig.  1B).  Participants pressed one button for previously seen  
task-r elevant stimuli and another for novel relevant stimuli and irrelevant stimuli. 

To assess the generalizability of results across different stimulus categories,  
participants completed these tasks on face and scene images.  In each block,  
participants were presented with either face or scene images, but never both 
stimulus types within the same block. This resulted in four types of N-back  blocks:  
“Match Famous (Faces)”, “Match Anonymous (Faces)”, “Match Famous (Places)”,  
and “Match Anonymous (Places)”. 

Categorization Task. Participants completed a control task in which they cat-
egorized each stimulus as either a face or a place.  This task engaged bottom– 
up perceptual processing, automatic long-term  memory access in the case of  
famous stimuli (132), and decision- making. Unlike the experimental task, it did 
not require working memory or selective attention. 

MRI Data Acquisition and Preprocessing.  In brief,  brain imaging data were 
acquired using a 3T  MRI scanner and included a T1- weighted structural used 
for normalization, as well as multiecho functional scans. Functional data were 
preprocessed and denoised using multiecho independent component analysis 
(119), followed by normalization to an MNI template and spatial smoothing with 
a 6- mm FWHM Gaussian kernel. 

fMRI Data Analysis. Task-evok ed whole brain activation patterns were  
analyzed using PLS (57, 58, 133).  PLS is a data-driven  multivariate analysis  
that can identify patterns of maximal covariance between voxel-wise br ain  
activity and task conditions. Because of its ability to identify voxels with cova-
rying activity, PLS is particularly well- suited for studying large- scale brain  

K. Isenburg, T. M. Morin, M. L. Rosen, D. C. Somers, C. E. Stern, Functional network reconfiguration 
supporting memory-guided at tention.  Cereb. Cortex.  33, 7702–7713 (2023). 

networks, which was the aim of the current study. Other advantages include  
that it does not require explicit modeling of the hemodynamic response and,  
by considering all voxels simultaneously,  it avoids the problem of  multiple  
statistical comparisons. 

See SI Appendix, Methods for more detailed descriptions of the stimuli, exper-
imental procedure, behavioral data analysis, MRI data acquisition and preproc-
essing, and fMRI data analysis. 

Data, Materials, and Software Availability.  Anonymized fMRI data, analysis 
scripts; and unthresholded group- level activation maps have been deposited 
in OpenNeuro (https://doi.org/10.18112/openneuro.ds007102.v1.0.0) (134) 
Open Science Framework (https://doi.org/10.17605/OSF.IO/BT8ZF) (135), and 
NeuroVault (https://identifiers.org/neurovault.collection:17919) (136). 
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Supplementary Methods 
 
Stimuli. The stimuli included pictures of faces and scenes, which were further categorized by fame status - 
famous or anonymous (see Figure 1 for examples). Famous faces depicted widely recognized celebrities, 
while famous scenes showed well-known landmarks. Anonymous faces featured less-recognized international 
celebrities matched for attractiveness, and anonymous scenes depicted lesser-known landmarks matched for 
perceptual features. The stimulus set was normed in a separate cohort of young and old adults from Toronto, 
Canada. In total, there were 160 unique stimuli. Each stimulus was presented a maximum of three times during 
the scans.  
  
Procedure. Participants completed five fMRI runs, each beginning and ending with 15 seconds of fixation. 
Within each run, there were five task blocks (four N-back blocks and one Categorization control block) 
separated by 30 seconds fixation periods. The order of task blocks was counterbalanced across runs and 
participants.  

Each block began with a 3-second instruction screen indicating the task (i.e., match famous, match 
anonymous, or categorize all) and ended with a 3-second feedback screen showing the participant’s accuracy 
for that block. Each block contained 47 trials. On each trial, a single stimulus appeared for 0.5 seconds, 
followed by a jittered fixation interval of 1, 1.5, 2, or 4 seconds drawn from an exponential distribution. This 
resulted in 93-second blocks. 

 Across runs, participants encountered 235 trials per condition, totaling 1175 trials. This included 140 
task-relevant N-back repeat trials. To ensure task engagement, memory load varied from 1-back to 4-back, 
with the number of N-back repeat trials per load fixed as follows: 4 1-back, 28 2-back, 96 3-back, and 12 4-
back. An additional 39 task-irrelevant N-back repeat trials served as distractors.  

Transition frequencies between task-relevance conditions were matched at multiple levels: within runs 
(across selective attention task blocks), within participants (across runs), and across participants, ensuring 
that all N-back task blocks, runs, and participants experienced the same transition frequencies. This was 
achieved using five pseudo-randomized sequences matched on transition frequencies. In each sequence, the 
order of task-relevance conditions was fixed, but the specific stimulus for each condition was randomly 
selected from the available stimulus pool. Each participant completed all five sequences four times across the 
scanning session, with the order randomized. 

Following the scanning session, participants completed a manipulation check in which they rated the 
fame of all faces and scene images on a 7-point Likert scale from 1 (not famous) to 7 (famous). These data 
were used to implement exclusion criteria at the trial and participant levels. To ensure that the fame 
manipulation was successful, famous stimuli that received a rating lower than four were excluded from the 
trial-level fMRI analyses. To ensure that participants had enough trials in each experimental condition, 
participants who correctly recognized less than 40% of famous face and scene stimuli were excluded from the 
analyses (n = 2). 
 
Behavioral Data Analysis. Four metrics were used to assess behavioral performance: accuracy, RT (i.e., 
latency from stimulus onset to behavioral response), D prime (i.e., the ability to discriminate between “old” and 
“new” stimuli, calculated as the difference between the z-score of the hit rate and the z-score of the false alarm 
rate (1) and Criterion C (i.e., response bias, calculated as the negative average of the z-scores of the hit rate 
and the false alarm rate; a criterion of zero indicates no bias, a positive criterion indicates a conservative bias 
- preferring to say "new" - and a negative criterion indicates a liberal bias - preferring to say "old" (1). 

Mixed effects models, as implemented in the R package “lme4” (2), were fitted on the behavioral data. 
The factors fame (famous vs. anonymous), domain (face vs. scene), task relevance (relevant vs irrelevant), 
and their interactions were included as fixed effects. Participant and stimulus ID were included as random 
intercepts to account for any systematic differences in performance between participants (e.g., processing 
speed) and specific face/scene stimuli. Linear mixed-effects models were fitted on RT, D prime, and Criterion 
C, whereas logistic mixed-effects models were fitted on accuracy data. Only trials including stimuli that were 
correctly rated as famous (at least 4 on the 7 point-Likert scale) in a post-scan manipulation check were 
analyzed to ensure that the participants had prior knowledge of the famous faces/places. RT analyses were 
performed on correct trials only. The R package “lmerTest” (3) was used to compute p-values for the estimated 
models via the Satterthwaite’s degrees of freedom method. To explore interaction effects, simple slope 
analyses were conducted using the R package “emmeans” (4). 

 
MRI Data Acquisition and Preprocessing. Brain imaging data were acquired with a 3T GE Discovery MR750 
MRI scanner with a 32-channel receive-only phased-array head coil at the Cornell Magnetic Resonance 
Imaging Facility in Ithaca, New York. Anatomical scans were acquired using a T1-weighted volumetric MRI 
magnetization prepared rapid gradient echo (repetition time (TR) = 7 ms; echo time (TE) = 3.42 ms; 7° flip 
angle; 1.0 mm isotropic voxels, 176 slices). Five 10:03 min experimental runs of blood oxygen level-dependent 
(BOLD) functional scans were acquired with a T2*weighted multi-echo echo-planar imaging pulse sequence 
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(TR = 3000 ms; TE1=12.7ms; TE2= 27.39ms; TE3=42.50ms; 83° flip angle; field of view = 216 mm; 46 oblique 
slices; 3.0 mm isotropic voxels).  

Anatomical images were skull-stripped using the default parameters in FSL BET (5). Functional 
images were preprocessed using multi-echo independent components analysis (ME-ICA; version 3.2 beta; 
https://github.com/ME-ICA/me-ica) (6), which builds on AFNI functions. ME-ICA relies on the TE-dependence 
model of the BOLD signal to determine T2∗ in every voxel and separates the BOLD signal from non-BOLD 

sources of noise. Before TE-dependent denoising, time series data were minimally preprocessed: the first 4 
volumes were discarded and images were de-obliqued, slice-time corrected, and rigid body motion corrected. 
Volumes were then optimally combined across TEs and denoised. The optimally-combined and denoised 
(MEDN) voxel-wise time series outputs were registered from source space to MNI space using standard AFNI 
linear registration, resampled to 2.5-mm isotropic voxels in FSL (version 6.0.6.5), and spatially smoothed with 
a 6-mm FWHM Gaussian kernel using FSL SUSAN (7). 
 
Partial Least Squares Analysis of fMRI Data. Task-evoked activation patterns were analyzed using partial 
least squares (PLS) (8–10) as implemented in the PLSgui/PLScmd toolbox for Matlab (https://www.rotman-
baycrest.on.ca/index.php?section=84 ). 

PLS does not require explicit modeling of the hemodynamic response. Instead, the BOLD signal for 
each voxel, for each person and task condition, is mean-centered, normalized to the block/event onset, and 
submitted to singular value decomposition. This process yields orthogonal latent variables (LVs), each 
representing distinct relationships between the brain data and the task conditions. Within each LV, each brain 
voxel is assigned a singular value weight or 'salience,' which is proportional to the covariance between its 
activity and the task conditions. Multiplying each salience value by the corresponding BOLD signal value for 
each voxel and then summing the product across all voxels gives a composite 'brain score' for each participant 
on each LV. This score reflects the extent to which a participant expresses the group pattern for that LV. 

The statistical significance of each LV was determined via permutation testing involving 400 iterations 
of resampling without replacement. LVs were considered significant at p < 0.05. All reported LVs remain 
significant when using 1000 iterations. The reliability of each voxel's contribution to each LV was determined 
by calculating the standard error of each voxel's salience value across 100 bootstrapping iterations (resampling 
with replacement). Voxels' contributions were considered reliable if their absolute bootstrap ratios (BSR), 
calculated as the ratio of each voxel's salience to its standard error, exceeded 1.96, which is equivalent to p < 
0.05. We confirmed that the whole-brain BSR pattern characterizing the main selective attention effect remains 
consistent when using 1000 bootstrapping iterations (r = 0.998, p = 0.001). The decomposition and associated 
resampling techniques consider all voxels simultaneously, thus avoiding the problem of multiple statistical 
comparisons.  

The effects of task (N-back vs Categorization) and stimulus domain (Face N-back vs Place N-back) on 
neural activity were examined as blocks for the full block duration of 29 sec. The effect of fame as a function 
of stimulus domain (Famous Face vs Famous Place vs Anonymous Face vs Anonymous Place) and the effect 
of task relevance as a function of stimulus fame (Relevant Famous (Face/Place) vs Relevant Anonymous 
(Face/Place) vs Irrelevant Famous (Face/Place) vs Irrelevant Anonymous (Face/Place)), were examined as 
events spanning four TRs (i.e., first 9 sec post-stimulus onset) to encompass the typical time-window of the 
BOLD response peak. We confirmed that the main selective attention effect was reliable across windows up 
to 8 TRs (the first 21s after stimulus onset); we report the 4 TR results because the activation returned to 
baseline by that point. For these event-related analyses, only trials including stimuli that were correctly rated 
as famous (at least 4 on the 7 point-Likert scale) in a post-scan manipulation check were retained to ensure 
that the participants had prior knowledge of the famous faces/places. Moreover, to control for any recent 
memory effects, we analyzed only the first occurrence of each specific stimulus during the experimental 
conditions of interest. Only correct trials were included in the analyses of task relevance to avoid confounds 
arising from lapses in attention, misunderstanding of instructions, or other cognitive states unrelated to task 
demands. Because these data cleaning procedures resulted in variability in the number of trials retained for 
each analysis, we report the average number of trials per condition across participants in Table S8. 

The results reported focus on the TR that showed the largest difference in brain scores between conditions: 
9 sec post-stimulus onset for the fame by domain analysis (Lag1: F(3, 90) = 17.56, p <.001, p-eta2 = 0.37; 
Lag2: F(1.78, 53.52) = 23.01, p <.001, p-eta2 = 0.43; Lag3: F(2.29, 68.72) = 26.28, p <.001, p-eta2 = 0.47), 
and 6 sec post-stimulus onset for the task relevance analyses (Lag1: F(1.29, 38.79) = 90.72, p <.001, p-eta2 
= 0.75; Lag2: F(1.45, 43.44) = 143.29, p <.001, p-eta2 = 0.83; Lag3: F(3, 90) = 43.15, p <.001, p-eta2 = 0.59). 
The temporal brain scores for all analyzed lags are displayed in Figure S6, whereas the activation maps for 
the other lags can be accessed via NeuroVault (https://identifiers.org/neurovault.collection:17919) and the 
Open Science Framework (https://doi.org/10.17605/OSF.IO/BT8ZF).  
 
Estimation of Overlap Between Neural Patterns and Large-scale Functional Networks. Following the 
recommendations of Uddin et al. (11), we compared the result maps with an established cortical parcellation. 
We used the 7-network parcellation proposed by Yeo et al. (12). We measured overlap by computing the dice 

https://github.com/ME-ICA/me-ica
https://www.rotman-baycrest.on.ca/index.php?section=84
https://www.rotman-baycrest.on.ca/index.php?section=84
https://identifiers.org/neurovault.collection:17919
https://doi.org/10.17605/OSF.IO/BT8ZF
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coefficient (13) between the positive and negative LV expressions of our result maps (thresholded at |BSR| > 
1.96) and each of the seven networks. We assessed the statistical significance of the dice coefficient using 
1000 spin permutations as implemented in the “Neuromaps” Python package (14), a technique that accounts 
for spatial autocorrelation (15). Analyses were conducted in fsaverage surface space, with maps transformed 
from volume to surface space using Neuromaps’ nonlinear transformation algorithm (16).  
 
Statistical Comparison of Whole-Brain Map Similarity. Whole-brain map similarity was estimated by 
computing the product-moment correlation between voxels’ values in the two maps. The statistical significance 
of the correlation coefficient was assessed using 1000 spin permutations, as described above. This procedure 
was used to compare the unthresholded whole-brain activity pattern distinguishing between relevant and 
irrelevant trials regardless of fame (Figure 3A) to the unthresholded maps resulting from the two control 
analyses (Figure S1), as well as with the principal FC gradient from Margulies et al. (17) (Figure 3D). This 
procedure was also used to compare the robustness of the activation map associated with the main effect of 
selective attention across different numbers of bootstrap iterations used to estimate the reliability of each 
voxel's contribution to the LV pattern. 
 
Assessment of Reliability of Neural Effects at the Level of Gradient Bins and Sub-networks. To assess 
the reliability of the effect of selective attention at the gradient bin and sub-network levels, we extracted the 
mean BSR from the unthresholded result map masked with each bin/sub-network. The gradient bins were 
created by dividing the gradient values from Margulies et al. (17) into eleven equal intervals, resulting in ten 
bins. The DN sub-networks were defined using the 17-network parcellation from Yeo et al. (12) Additionally, 
the Limbic network from the 7-network parcellation, which includes the orbitofrontal and ventral anterior 
temporal lobes, was included due to recent evidence of its strong affiliation with the DN (18). Activation of an 
entire bin or sub-network was considered reliable only if the mean BSR value for all voxels within that bin or 
network was significantly above 1.96 (equivalent to p < .05), as determined by one-sample t-tests conducted 
using the “rstatix” R package (19). This procedure was also employed to assess the reliability of neural effects 
in visual regions from the probabilistic map by Wang et al. (20). 
 
Evaluation of Network-level Enhancement and Suppression of Activation Magnitude Relative to the 
Categorization Baseline. We performed a GLM-based ROI analysis to estimate BOLD signal changes during 
selective working memory trials relative to the categorization trials in each (sub-)network of interest from Yeo 
et al. (12). The GLM was implemented using the “Nilearn” Python package (21), with one regressor per trial 
type modeled as a duration boxcar function convolved with the canonical Glover hemodynamic repsonse 
function. First-level whole-brain contrast maps were computed, and mean standardized t statistics were 
extracted from each network ROI by averaging voxel-wise values. Significant changes from baseline across 
participants were assessed using one-sample t-tests. 
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Supplementary Results 

 
 
 

 
Fig. S1. Panels A-C. Differences in transient activity in response to relevant versus irrelevant trials irrespective 
of fame and domain. The maps show the top 5% of voxels based on BSR values (BSR > ± 5.51, equivalent to 
p < 3.58e-08). Panels D-F. Differences in transient activity during Relevant Famous/Anonymous trials relative 
to Irrelevant Famous/Anonymous and Categorized Anonymous trials. The maps show the top 5% of voxels 
based on BSR values (BSR > ± 5.47, p < 4.58e-08). Panels B/E. The mean brain scores (± SD) associated 
with the statistically significant LVs. Panels C/F. The degree of overlap between the brain patterns associated 
with the positive (red) and negative (blue) expression of the LV (thresholded at |BSR| > 1.96, p < .05) and the 
7-network parcellation from Yeo et al. (12). Solid colors indicate statistically significant overlap, while 
transparent colors indicate non-significant overlap. 
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Patterns of Brain Activity are Modulated by the Visual Tasks Relative to Fixation. We conducted a PLS 
analysis to examine activation differences among N-back, Categorization, and Fixation (rest) blocks. A 
significant pattern of brain activity differentiated both task conditions from Fixation (p < .001), accounting for 
92.28% of the covariance (Figure S2-B). Sustained N-back and Categorization performance was associated 
with increased BOLD activity in frontal control regions and posterior perceptual regions (Figure S2-A). This 
effect was evident across voxels in both lower-level and higher-order visual areas, with the strongest 
significance observed in ventral V2, ventral V3, and several higher-order temporal and parietal regions (Figure 
S3-A). In contrast, Fixation blocks were associated with activation in regions showing significant overlap with 
the DN and somatomotor networks (Figure S2-C), consistent with brain activation patterns observed during 
mind-wandering (22). 
 To better understand the topography of effects in visual cortex, we assessed the reliability of the neural 
pattern across voxels within cortical regions that contain topographic maps of visual space, as defined by 
Wang et al. (20). This analysis showed that sustained activation for visual tasks relative to fixation was 
observed across visual regions, reaching ROI-level significance in both low-level and higher-order visual 
cortices (Figure S3-A). 
 
 

 
Fig S2. Differences in sustained activity in response to N-Back and Categorization tasks compared to 
the fixation rest blocks. Panel A. The maps show the voxels with BSR values ± 1.96 (equivalent to p < 0.05). 
Panel B. The mean brain scores (±SD) associated with the statistically significant LV. Panel C. The degree of 
overlap between the brain patterns associated with the positive (red) and negative (blue) expression of the LV 
(thresholded at |BSR| > 1.96, p < .05) and the 7-network parcellation from Yeo et al. (12). Solid colors indicate 
statistically significant overlap, while transparent colors indicate non-significant overlap. 
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Fig. S3. Sustained and transient task-related activation across visual topographic areas. 
Panel A shows sustained task > rest block activation patterns (reported in Fig. S2), and Panel B shows 
transient task-relevant > irrelevant trial activation patterns (reported in Fig. 3). Untresholded whole-brain maps 
are shown for reference. The mean BSR values (±99% CIs) were computed across voxels within each region 
of the maximum probability atlas of visual topographic areas from Wang et al. (20), displayed in the panel on 
the right. The distribution of BSR values across all voxels is also displayed – solid colors indicate statistically 
significant differences from the BSR threshold of reliability, while transparent colors indicate non-significant 
differences. Dashed lines denote BSR = ±1.96 (equivalent to p = .05).  
 
 



 

 

  8 

 

Attentional Control and Perceptual-Processing Regions Are Functionally-coupled During Working 
Memory Maintenance. A prevailing view of top-down control is its reliance on context-dependent functional 
coupling between lateral frontal control regions and posterior perceptual regions (23). Our results show that 
coactivation of control and visual networks is not observed when comparing task-relevant versus -irrelevant 
trials. It is possible, however, that FC between frontal control and category-selective higher-order perceptual 
regions supported the active working memory maintenance of task-relevant stimuli (24). To test this possibility, 
we compared FC between the inferior frontal junction (IFJ) control region and the posterior fusiform face area 
(FFA) and parahippocampal place area (PPA) regions, which are selectively engaged by faces and places, 
respectively, during the time interval between stimulus display and its N-back match. We reasoned that, if FC 
between control and perceptual regions supports working memory maintenance, the IFJ would couple with the 
FFA during face trials but not place trials, and with the PPA during place trials but not face trials. Only N-back 
trials with correctly detected matches/repeats were included to ensure that the percept was held in working 
memory. 

Regions of interest were defined in each participant using a group-constrained functional localizer 
approach. The right IFJ was selected based on its greater engagement during the N-back task compared to 
the Categorization task (Figure 2A). The FFA and PPA were chosen for their preferential activation during face 
and place N-back blocks, respectively (Figure 2B). Each participant’s data were analyzed individually to identify 
regions of interest in the IFJ (N-back vs Categorization blocks), and in the PPA and FFA (face vs place N-back 
blocks). Peak BSR coordinates within the group-constrained regions of interest were extracted from each 
participant’s result map. These coordinates served as the centers of 27-voxel cubes, from which the mean 
BOLD signal change was extracted across relevant N-back trials (note that only repeated trials were included) 
for each experimental condition of interest (Fame by Domain). Three participants were excluded from the 
analysis due to having fewer than seven events in at least one condition of interest. The N-back trials were 
analyzed as events spanning four TRs. To maximize data points per participant, events were not averaged 
across runs.  

We then computed the product-moment correlation between the BOLD timeseries of the IFJ with the 
PPA and FFA for each experimental condition. The correlation coefficients were Fisher’s z-transformed before 
the statistical analysis, which included 1) ANOVAs to assess the effects of fame and domain, and 2) one-sided 
one-sample t-tests to assess the presence of FC, with Benjamini-Hochberg correction applied to control the 
false discovery rate.   

As expected, FC between IFJ and PPA was stronger for places compared to faces (Figure S4; F(1, 
26) = 12.55, p = 0.002, pes = 0.33). Notably, IFJ and PPA exhibited positive FC during place trials regardless 
of fame (Famous Place: t(26) = 3.75, p = 0.007104, d = 0.72; Anonymous Place: t(26) = 2.9, p = 0.0302, d = 
0.56), but were not coupled during face trials (Famous Face: t(26) = 0.79, p = 0.4971429, d = 0.15; Anonymous 
Face: t(26) = 0.64, p = 0.529, d = 0.12). We did not find the expected main effect of working memory for faces 
on the FC between IFJ and FFA (F(1, 26) = 0.43, p = 0.516, pes = 0.02). This null effect might be explained 
by the inconsistent modulation of the FFA by top-down control observed across previous studies (25, 26). 
 

 
Fig. S4. Functional connectivity between IFJ and PPA as a function of stimulus fame and domain. 
Mean standardized correlation coefficients (±95% CI) across participants are shown along with the 
corresponding distributions. Solid colors indicate statistically significant deviations from zero, whereas 
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transparent colors indicate non-significant effects. Dashed lines between condition means denote statistically 
significant pairwise differences. The schematic brain image shows the approximate locations of the regions of 
interest.
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Attentional Selection and Non-selective Perceptual Decisions Recruit Opposite Ends of the Principal 
Gradient. Although the control analysis indicated that categorization trials exhibited an opposite pattern to 
task-relevant trials, it was unclear whether this pattern would persist independently of the task-irrelevant 
condition that contributed more strongly to the negative expression of the LV. To test the robustness of the 
original pattern and whether the categorization trials intrinsically express an opposite pattern to task-relevant 
trials, we conducted a supplementary PLS analysis including only task-relevant and categorization trials as a 
function of fame. This analysis revealed a significant whole-brain pattern of neural activity (Figure S5-A) that 
dissociated task relevant from categorization trials irrespective of stimulus fame (Figure S5-B). This pattern 
was highly similar to the one observed in the main analysis reported in Figure 3 (r = 0.924, p = 0.001). 

We then computed the spatial correlation between the unthresholded map and the principal gradient 
map from Margulies et al. (17). This revealed a statistically significant positive correlation between position 
along the gradient and the strength of neural modulation by attentional selection relative to perceptual 
categorization (r = 0.539, p = 0.005). Gradient Bins 9 and 10, representing the heteromodal extreme of the 
gradient, showed reliably stronger activation for relevant trials. In contrast, Bin 2, located at the unimodal end 
of the gradient, showed reliably stronger activation for categorization trials. These results suggest that selective 
working memory and perceptual decisions preferentially recruit opposite ends of the principal gradient. 
 

 
 
Figure S5. Differences in transient activity in response to relevant versus categorized trials irrespective 
of fame. Panel A. The maps show the top 5% of voxels based on BSR values (BSR > ± 4.44, equivalent to p 
< 8.98e-06). Panel B. The mean brain scores (± SD) associated with the statistically significant LV. Panel C. 
The degree of overlap between the brain pattern associated with the positive (red) and negative (blue) 
expression of the LV (thresholded at |BSR| > 1.96, p < .05) and the 7-network parcellation from Yeo et al. (12). 
Solid colors indicate statistically significant overlap, while transparent colors indicate non-significant overlap. 
Panel D. The mean BSR scores (± 99% CIs) across the voxels that fall within each bin of the principal gradient 
from Margulies et al. (17). The distribution of BSR values across all voxels is also displayed – solid colors 
indicate statistically significant differences from the BSR threshold of reliability (BSR = ± 1.96, equivalent to p 
= .05) indicated by the dashed lines, while transparent colors indicate non-significant differences.
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Fig. S6. Temporal Brain Scores. Mean brain scores (±95% CIs) are shown as a function of lag/TR and 
experimental condition. Panel A. Brain scores from the contrast (rotated) PLS analysis examining the effect of 
Fame by Domain. Panel B. Brain scores from the non-rotated PLS analysis examining the effects of Task 
relevance by Fame. 
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Table S1. Differences in sustained activity during Nback vs Categorization blocks. 
 

Contrast Region 
Peak MNI Coordinates 

BSR 
Cluster 

Size X Y Z 

Nback > 
Categorization 

Insula_R 32.5 22.5 -2.5 9.11 811 

 Cingulum_Mid_R 5 22.5 42.5 8.54 3004 
 Angular_R 32.5 -62.5 45 7.99 1981 
 Fusiform_R 27.5 -42.5 -7.5 7.44 1129 
 Insula_L -30 25 -2.5 6.64 186 
 Parietal_Inf_L -32.5 -52.5 40 5.88 1124 
 Frontal_Inf_Tri_L -50 22.5 30 5.26 654 
 Cerebelum_Crus1_L -10 -72.5 -30 5.20 728 
 Cerebelum_Crus2_R 45 -62.5 -47.5 4.84 257 
 Fusiform_L -20 -42.5 -10 4.69 416 
 Frontal_Sup_R 25 62.5 10 4.01 396 
 Frontal_Inf_Tri_L -47.5 47.5 12.5 3.81 219 
 Calcarine_L -17.5 -55 7.5 3.57 61 
 Frontal_Sup_L -22.5 57.5 5 3.55 282 
 Cerebelum_3_R 7.5 -27.5 -20 3.19 88 
Categorization > 
Nback 

Temporal_Sup_L -40 -15 -5 -5.66 6054 

 Cerebelum_8_R 22.5 -62.5 -52.5 -5.64 505 
 Precuneus_L -15 -42.5 65 -5.59 5587 
 Insula_R 40 -12.5 -2.5 -5.05 2180 
 Cerebelum_Crus1_R 30 -80 -22.5 -4.39 1365 
 Cerebelum_Crus1_L -25 -85 -20 -4.36 492 
 Thalamus_L 0 -7.5 -10 -3.97 56 
 Temporal_Inf_R 52.5 -2.5 -42.5 -3.72 153 
 ParaHippocampal_R 25 15 -30 -3.58 184 
 Frontal_Inf_Orb_L -32.5 45 -15 -3.54 116 
 Cerebelum_8_L -22.5 -65 -57.5 -3.49 258 
 Thalamus_L -10 -20 0 -3.12 54 
 Cerebelum_9_L -12.5 -35 -50 -2.90 54 
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Table S2. Differences in sustained activity during Face vs Place Nback blocks.  
 

Contrast Region 
Peak MNI Coordinates 

BSR Cluster Size 
X Y Z 

Face > Place Temporal_Inf_R 45 -45 -22.5 8.62 34202 
 Occipital_Inf_L -37.5 -85 -12.5 4.90 755 
 Frontal_Mid_L -47.5 40 30 3.32 789 
 Precuneus_L 0 -60 25 3.26 229 
Place > Face Lingual_L -25 -42.5 -7.5 -11.73 54494 
 Frontal_Sup_Orb_R 15 20 -25 -2.18 93 
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Table S3. Differences in transient activity evoked by Famous compared to Anonymous face/place stimuli. 
 

Contrast Region 
Peak MNI Coordinates 

BSR 
Cluster 

Size X Y Z 

Famous > 
Anonymous 

Temporal_Mid_L -65 -12.5 -10 6.60 793 

 Angular_R 47.5 -65 42.5 4.82 354 
 Cerebelum_Crus2_L -45 -75 -40 4.28 135 
 Frontal_Mid_L -30 40 47.5 4.22 98 
 Angular_L -40 -60 27.5 4.11 533 
 Frontal_Sup_Medial_L -5 37.5 57.5 3.99 64 
 Temporal_Pole_Sup_L -30 12.5 -22.5 3.86 125 
 Cingulum_Post_L -5 -47.5 32.5 3.75 439 
 Temporal_Inf_R 47.5 -60 -22.5 3.63 263 
 Cerebelum_8_L -37.5 -50 -60 3.48 133 
 Cerebelum_8_R 22.5 -45 -60 3.36 86 
 Frontal_Med_Orb_L -5 47.5 -7.5 3.05 128 
Anonymous > 
Famous 

Lingual_R 20 -72.5 -10 -7.45 10601 

 Fusiform_R 40 -12.5 -30 -4.66 193 
 Supp_Motor_Area_L -5 0 52.5 -4.48 1237 
 Frontal_Mid_R 37.5 -5 57.5 -4.32 295 
 Caudate_R 20 22.5 7.5 -4.28 51 
 Frontal_Mid_L -30 40 27.5 -4.14 92 
 Frontal_Inf_Orb_R 35 35 -2.5 -4.01 671 
 Caudate_L -10 7.5 -12.5 -3.56 71 
 Precentral_L -27.5 -25 55 -3.25 250 
 Frontal_Mid_R 32.5 42.5 37.5 -3.08 70 
 Olfactory_R 12.5 5 -15 -3.01 80 
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Table S4. Differences in the transient activity evoked by Relevant vs Irrelevant famous/anonymous stimuli. 
 

Contrast Region 
Peak MNI Coordinates 

BSR 
Cluster 

Size X Y Z 

Relevant > 
Irrelevant 

Frontal_Sup_Medial_R 10 65 17.5 11.06 22764 

 Parietal_Inf_R 55 -47.5 37.5 10.73 9046 
 Cerebelum_Crus2_L -30 -67.5 -40 9.46 2823 
 Parietal_Inf_L -52.5 -47.5 47.5 9.15 4052 
 Frontal_Inf_Orb_L -50 35 -2.5 8.34 772 
 Cerebelum_9_L -5 -45 -47.5 5.94 937 
 Cuneus_L 2.5 -87.5 30 3.47 52 
Irrelevant > 
Relevant 

Fusiform_L -35 -57.5 -12.5 -15.89 15124 

 Precentral_L -35 -10 62.5 -7.27 3080 
 Pallidum_L -15 7.5 -2.5 -6.40 431 
 Pallidum_R 17.5 7.5 -2.5 -4.75 271 
 Insula_R 32.5 22.5 0 -3.90 101 
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Table S5. Summary statistics from one-tailed one-sample t-tests comparing the BSR of voxels within each 
Gradient Bin to the reliability threshold (BSR = 1.96). 
 

Bin t df p 
Effect Size 
(Cohen’s d) 

1 (Unimodal) -49.15 6,232 1 -0.62 
2 -52.95 4,578 1 -0.78 
3 -29.07 2,740 1 -0.56 
4 -23.68 2,125 1 -0.51 
5 -9.91 1,098 1 -0.30 
6 -12.11 1,641 1 -0.30 
7 -8.86 1,703 1 -0.21 
8 1.61 1,974 0.053. 0.04 
9 28.71 2,710 <.001*** 0.55 

10 (Heteromodal) 90.62 5,468 <.001*** 1.23 
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Table S6. Summary statistics from one-tailed one-sample t-tests comparing the BSR of voxels within each 
extended DN and FPCN sub-network to the reliability threshold (BSR = 1.96). 
 

Network t df p 
Effect Size 
(Cohen’s d) 

DN-A 84.45 5,135 <.001*** 1.18 
DN-B 121.30 5,654 <.001*** 1.61 
DN-C -49.31 1,312 1 -1.36 

FPCN-A 50.10 4,685 <.001*** 0.73 
FPCN-B -26.04 3,964 1 -0.41 
FPCN-C -15.71 1,368 1 -0.42 
Limbic 15.40 5,654 <.001*** 0.20 

Temp-Par 59.09 2,083 <.001*** 1.29 
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Table S7. Summary statistics from one-sample t-tests assessing BOLD signal change for selective working 
memory versus non-selective perceptual categorization trials, examined as a function of task relevance and 
stimulus fame within the DN, FPCN, and visual networks. 
 

Network Fame 
Task 

Relevance 
t p 

Effect Size 
(Cohen’s d) 

DN-A  Anonymous Irrelevant -3.12 0.004** -0.56 
Anonymous Relevant 4.17 <.001*** 0.75 

Famous Irrelevant -1.14 0.265 -0.2 
Famous Relevant 4.57 <.001*** 0.82 

DN-B  Anonymous Irrelevant -2.46 0.0198* -0.44 
Anonymous Relevant 3.7 <.001*** 0.67 

Famous Irrelevant -1.15 0.258 -0.21 
Famous Relevant 3.27 0.00267** 0.59 

DN-C  Anonymous Irrelevant 2.68 0.012* 0.48 
Anonymous Relevant -0.13 0.895 -0.02 

Famous Irrelevant 2.55 0.0161* 0.46 
Famous Relevant -1.89 0.0684 -0.34 

FPCN-A  Anonymous Irrelevant 2.78 0.00928** 0.5 
Anonymous Relevant 5.03 <.001*** 0.9 

Famous Irrelevant 3.3 0.00252** 0.59 
Famous Relevant 5.29 <.001*** 0.95 

FPCN-B  Anonymous Irrelevant -2.95 0.00604** -0.53 
Anonymous Relevant 0.34 0.733 0.06 

Famous Irrelevant 0.56 0.581 0.1 
Famous Relevant 2.81 0.00858** 0.51 

FPCN-C  Anonymous Irrelevant 2.8 0.00884** 0.5 
Anonymous Relevant 1.77 0.0867 0.32 

Famous Irrelevant 3.66 <.001*** 0.66 
Famous Relevant 2.15 0.0394* 0.39 

Limbic  Anonymous Irrelevant -2.18 0.037* -0.39 
Anonymous Relevant 1.03 0.311 0.19 

Famous Irrelevant -0.81 0.424 -0.15 
Famous Relevant 0.44 0.665 0.08 

Temp-Par  Anonymous Irrelevant -4.88 <.001*** -0.88 
Anonymous Relevant 0.94 0.353 0.17 

Famous Irrelevant -2.23 0.0334* -0.4 
Famous Relevant 0.67 0.511 0.12 

Visual  Anonymous Irrelevant 4.27 <.001*** 0.77 
Anonymous Relevant -4.32 <.001*** -0.78 

Famous Irrelevant 2.15 0.0394* 0.39 
Famous Relevant -8.16 <.001*** -1.47 
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Table S8. The average number of trials per experimental condition across participants for each 
event-related PLS analysis.  

 

Analysis Condition Mean  SD 

Fame (by Domain) Anonymous Face 40 0 

Anonymous Place 40 0 

Famous Face 32.77 4.96 

Famous Place 31.97 4.72 

Relevance (by Fame) Anonymous Irrelevant 31.06 2.24 

Anonymous Relevant 48.45 1.36 

Famous Irrelevant 24.52 3.67 

Famous Relevant 39.94 5.03 

Relevance (by Fame and 
Domain) – Control 

Analysis I 

Anonymous Irrelevant Face 15.90 1.49 

Anonymous Irrelevant Place 15.16 1.44 

Anonymous Relevant Face 24.06 1.26 

Anonymous Relevant Place 24.39 1.43 

Famous Irrelevant Face 12.48 2.86 

Famous Irrelevant Place 12.03 2.63 

Famous Relevant Face 19.84 3.30 

Famous Relevant Place 20.10 3.25 

Relevance (by Fame and 
Task) 

– Control Analysis II 

Anonymous Categorized 28.97 2.66 

Anonymous Irrelevant 31.00 2.24 

Anonymous Relevant 48.29 1.37 

Famous Categorized 22.94 3.01 

Famous Irrelevant 24.87 3.76 

Famous Relevant 39.87 5.14 
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