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Abstract 

Goal-directed visual attention requires the dynamic integration of task goals with perceptual and 

mnemonic processes across distributed cortical networks. Using large-scale recordings from V4, IT, 

OFC, and LPFC, we identified distinct neural populations selective for attention and category. 

Population dynamics robustly represented visual categories during cue presentation, sustained cue 

information across delays, and differentiated categories and attentional states during search. Cue-related 

activity predicted subsequent search efficiency, linking pre-search processing to behavioral performance. 

The orthogonal subspace provided a crucial latent representational structure for encoding and 

maintaining task-relevant information across search stages. Foveal attention enhanced peripheral 

representations by both increasing pattern separation and reshaping representational geometry in a non-

linear, context-dependent manner. Search dynamics further reflected fixation history and target 

detection, which modulated both response strength and representational structure. Finally, V4 and IT 

encoded the spatial geometry of the search array, preserving its layout. Together, these findings highlight 

population-level dynamics as critical mechanisms supporting goal-directed visual search. 

Keywords: Macaques, Attention, Category selectivity, V4, Inferotemporal cortex (IT), Lateral prefrontal 

cortex (LPFC), Orbitofrontal cortex (OFC), Visual search, Population dynamics, Representational 

geometry, Orthogonal subspace 

Page  of 2 50

.CC-BY 4.0 International licenseavailable under a
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made 

The copyright holder for this preprintthis version posted January 21, 2026. ; https://doi.org/10.64898/2026.01.18.700191doi: bioRxiv preprint 

https://doi.org/10.64898/2026.01.18.700191
http://creativecommons.org/licenses/by/4.0/


Introduction 

Visual attention and object recognition are fundamental cognitive processes that enable primates to 

efficiently process and interpret their visual environment. Visual attention serves as a gateway, 

enhancing the perception of relevant stimuli while filtering out distractions, allowing the brain to 

selectively prioritize information for further processing 1-3. Extensive research has delineated the neural 

circuits underlying attentional selection, including the prefrontal, parietal, and temporal cortices, which 

dynamically coordinate sensory processing based on task demands 4-9. Among these, neurons in the 

inferotemporal (IT) cortex and area V4 play a critical role in integrating attention with object 

recognition, exhibiting attention modulation in their response properties 10-14, synchrony with other brain 

regions 7,14-17, and enhanced stimulus representation 17,18. On the other hand, visual object recognition, 

the ability to identify and categorize visual objects, relies on the integration of multiple visual features 

such as shape, color, and texture. It relies on intricate neural circuits, which allow the brain to identify 

and classify objects based on various visual attributes 19. In particular, IT neurons play a central role in 

the representation and processing of visual objects, demonstrating strong category selectivity 19-21. 

Neurons dedicated to face processing are found in the IT cortex and orbitofrontal cortex (OFC) 22, and a 

map of object space exists in the macaque IT cortex 23. Furthermore, IT neurons exhibit robust visually 

selective responses even in complex natural scenes, highlighting their role in recognizing objects under 

varying conditions 10. These properties position IT and V4 as critical sites for investigating how attention 

dynamically interacts with category-selective representations. 

Visual search engages multiple interacting processes, including working memory, attentional guidance, 

and decision making 24. Yet, most prior research has examined these processes in isolation, focusing on 

single components rather than their dynamic interplay. Consequently, the predictive relationships 

between successive search events—how neural or behavioral states at one stage influence subsequent 

processing—remain poorly understood. Furthermore, neurophysiological studies have largely centered 

on single-unit responses 1-3; however, the population-level computations that support dynamic 

information processing during visual search are much less clear. In particular, how coordinated neural 

population activity gives rise to flexible, goal-directed behavior remains an open question. In addition, 

traditional analyses emphasizing firing rate changes (i.e., representations along firing rate axes) overlook 

the geometric structure of population activity. Beyond rate-based dimensions, information may also be 

encoded in the orthogonal subspace of the neural state space 25—a representational domain that has 
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rarely been explored in visual search. Characterizing this high-dimensional geometry may offer new 

insight into how distributed neural populations dynamically encode and transform information to guide 

perception, attention, and decision making. 

Recent advances in computational and systems neuroscience have illuminated the neural population 

dynamics underlying such computations. The dynamical systems perspective is prevalent with the motor 

regions serving as the most natural testing ground since time-varying behavior can be a direct output 
26-28. However, dynamic activity is important in non-motor areas as well 29-35. For instance, Bayesian 

inference—a core principle of cognition—has been linked to latent cortical dynamics in which prior 

knowledge warps low-dimensional manifolds, sculpting neural trajectories to optimize behavior under 

uncertainty 36. In particular, although most evidence comes from tasks outside visual search, the neural 

processes supporting it are increasingly understood not as isolated tuning of single neurons but as 

trajectories evolving within high-dimensional state spaces. It has been shown that in the prefrontal 

cortex, sequence working memory relies on a geometric organization of neural dynamics, whereby 

complex representations can be decomposed into low-dimensional subspaces encoding ordinal and 

spatial information 37. Dynamic analyses have revealed how neural encoding of categories supports 

cognitive tasks with varying demands, showing that in tasks with explicit working memory 

requirements, population activity within each category converges toward a stable category state, 

resulting in binary-like categorical encoding 38. Furthermore, a negative correlation between the 

variability of V4 neurons and both attention and learning lies within a relatively small subspace of the 

neural state space 39. Notably, an orthogonal subspace of the neural state space encoded critical 

information, forming curved population-response manifolds that flexibly rotated depending on task 

context, thereby providing a representational geometry that generalizes across decision circuits 25. In 

addition, recurrent dynamics in the prefrontal state space support context-dependent computations 40, 

and a new dimensionality reduction method, latent circuit inference, has further revealed a suppression 

mechanism whereby contextual representations inhibit irrelevant sensory responses 41. 

In this study, we trained macaques to perform a free-gaze visual search task using natural face and object 

stimuli and systematically investigated the neural dynamics underlying visual search across multiple 

processes. We recorded neuronal activity from a large number of units across multiple cortical regions 

involved in attention and object processing. Despite the well-established roles of attention and object 

representation that converge in areas V4 and IT—where feature-based attention modulates visual search 
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behavior 42 and predicts target detection efficiency 43—the precise interactions and underlying neural 

computations between these processes remain unclear. Here, we first identified distinct populations of 

attention-selective and category-selective units and characterized how they dynamically contribute to 

goal-directed search. We analyzed population dynamics across recorded units to characterize how visual 

categories and attentional states are represented during cue presentation, maintained across delays, and 

integrated during search. We then examined how cue-related activity predicts subsequent search 

behavior, how foveal attention modulates peripheral representations and the geometry of neural 

population activity, and how fixation history and target detection influence representational structure. In 

particular, we examined how task-relevant information is encoded and maintained within the orthogonal 

subspace—a latent representational structure independent of overall firing rate changes. Finally, we 

assessed how spatial information about the search array is encoded in V4 and IT. Together, these 

analyses provide a comprehensive computational framework to understand the population-level neural 

mechanisms that support flexible, goal-directed visual search. 

Results 

Behavior 

Two monkeys performed a free-gaze visual search task with mapped receptive fields (see Methods and 

unit summary below). Their goal was to fixate on one of two search targets that matched the category of 

a preceding cue (Fig. 1A). Each trial began with a central fixation point presented for 400 ms, followed 

by a cue lasting 500–1300 ms. After a 500 ms delay, a search array of 11 items appeared, which included 

two category-matching targets randomly positioned among 20 possible locations 14,16,17,44. The monkeys 

had up to 4000 ms to locate one of the targets and were required to maintain fixation on it for 800 ms to 

receive a juice reward. Fixating on either target completed the trial; the second target was not searched 

for. A new trial began immediately after the reward. Importantly, although both targets matched the cue 

category, they were always different images. During the cue and delay periods, the monkeys were 

required to maintain fixation. 

Detailed behavioral analyses have been reported in our previous studies 14,16,17,44. Briefly, both monkeys 

performed the task at a high level of proficiency, achieving accuracy rates of 91.78% ± 0.19% (mean ± 
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SD across sessions) for monkey S and 85.23% ± 0.41% for monkey E. The average reaction time (RT), 

measured from the onset of the search array to the onset of the final fixation, was 411.47 ± 67.01 ms 

(mean ± SD across sessions), and the mean fixation duration was 208.24 ± 153.77 ms (mean ± SD 

across fixations). In 13.46% ± 7.00% of correct trials, the target was located following a return fixation. 

Critically, the monkeys were trained to search for faces and houses that matched the category of the cue 

but were represented by different images. This design enabled us to probe visual attention with a diverse 

stimulus set while also examining mechanisms of visual object processing. 

Two distinct populations of units: category-selective and attention-selective units 

We recorded a total of 6871 units from area V4, 6694 units from TEO, 1947 units from TE, 5622 units 

from the OFC, and 9916 units from the LPFC (Fig. 1B; see 14,16,17,44 for detailed characterization of the 

recording sites). Of these, 5070 units in V4, 3800 in TEO, 1251 in TE, 1470 in the OFC, and 2997 in the 

LPFC exhibited a significant visually evoked response (i.e., responses to the cue or search array were 

significantly greater than baseline; Wilcoxon rank-sum test, P < 0.05). For analyses, we combined TE 

and TEO into a single inferotemporal (IT) region. Foveal and peripheral receptive fields (RFs) were 

mapped using the visual search task and an additional visually guided saccade task (Methods; see also 17 

for response consistency across tasks). Among these visually responsive units, 1624 units from V4, 1419 

units from IT, 888 units from the OFC, and 32 units from the LPFC had a focal foveal RF, while 781 

units from V4, 268 units from IT, no units from the OFC, and 514 units from the LPFC had a localized 

peripheral RF (the remaining units had broad foveal RFs or unlocalized peripheral RFs; see Methods). 

We found that a substantial population of foveal units in V4 (35.16%, binomial P < 10−20; see Fig. 1C 

and Fig. S1A, B for examples; see Fig. 1I for group results), IT (60.61%, binomial P < 10−20; Fig. 1D; 

Fig. S1C, D; Fig. 1J), and OFC (74.21%, binomial P < 10−20; Fig. 1E; Fig. S1E, F; Fig. 1K) exhibited 

category selectivity, i.e., they differentiated fixations on faces versus houses (see Methods). We also 

observed category selectivity in LPFC peripheral units (7.39%, binomial P = 0.0072; Fig. S1K, L; Fig. 

1N). By comparison, category selectivity in peripheral units was weak or not above chance in V4 (4.1%, 

binomial P = 0.86; Fig. S1G, H; Fig. 1L) and IT (7.84%, binomial P = 0.016; Fig. S1I, J; Fig. 1M). In 

contrast, a substantial proportion of foveal units in V4 (21.43%, binomial P = 6.65×10−37; see Fig. 1F 

and Fig. S1M, N for examples; see Fig. 1I for group results), IT (25.02%, binomial P < 10−20; Fig. 1G; 
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Fig. S1O, P; Fig. 1J) and OFC (17.23%, binomial P < 10−20; Fig. 1H; Fig. S1Q, R; Fig. 1K) were 

attention-selective, i.e., they differentiated fixations on targets versus distractors (see Methods). 

Peripheral units in V4 (10.5%, binomial P = 1.75×10−10; Fig. S1S, T; Fig. 1L), IT (9.33%, binomial P = 

0.0011; Fig. S1U, V; Fig. 1M), and LPFC (15.37%, binomial P < 10−20; Fig. S1W, X; Fig. 1N) also 

demonstrated attention selectivity. 

Notably, there was an interaction between category selectivity and attention selectivity in V4 foveal 

units (see Fig. S1M, N for examples and see Fig. 1I for group results), but this was not observed in 

other groups of units (Fig. 1J–N). Specifically, in V4, category-selective units were more likely to also 

be attention-selective (i.e., the proportion of attention-selective units within category-selective units 

[nBoth / nCategory-Selective] was significantly higher than the proportion of attention-selective units within all 

units [nAttentive-Selective / nAll]; χ2-test: P = 0.0063; Bonferroni correction for comparisons in multiple brain 

areas; Fig. 1I). In contrast, this relationship was not significant for IT foveal units (P = 0.75; Fig. 1J), 

OFC foveal units (P = 0.78; Fig. 1K), or any peripheral units (all Ps > 0.05; Fig. 1L–N). Together, these 

results demonstrate a significant link between visual category coding and attention coding in V4 foveal 

units, but not in IT, OFC, or LPFC. 

Lastly, we showed that the hyperplane separating fixations on faces versus houses (i.e., category 

selectivity) was largely orthogonal (V4: 90.18°; IT: 93.19°; OFC: 97.71°) to the hyperplane separating 

fixations on targets versus distractors (i.e., attention selectivity). These values did not differ from 

permutations except for OFC (V4: 90.01°; IT: 90.07°; OFC: 90.09°; permutation test: V4: P = 0.50; IT: P 

= 0.30; OFC: P < 0.001), suggesting that these attributes were encoded largely independently. These 

results further indicate that largely distinct populations of units encode visual categories and attention. 

Neural population dynamics during cue maintenance and search 

We next quantified the dynamics of neural population activity across different stages of the visual search 

process (see Methods). We applied demixed principal component analysis (dPCA) to construct a low-

dimensional neural state space and projected the population activity into it. We performed statistical 

comparisons using permutation tests. We focused on the foveal units in this analysis. 
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During search, while the average population activity of V4 foveal units did not strongly differentiate 

visual categories or attentional states (Fig. 2A), the population dynamics significantly differentiated both 

(Fig. 2B; see Fig. S2A–D for statistics). In IT foveal units, the average population activity exhibited a 

strong distinction between visual categories and also differentiated attentional states (Fig. 2C), which 

was reflected as distinct neural dynamics in state space (Fig. 2D; Fig. S2A–D). The average population 

activity of OFC foveal units primarily showed elevated responses to faces and attentional enhancement 

for fixations on faces (Fig. 2E). Accordingly, in neural state space, we observed a large and significant 

separation between visual categories and between fixations on face targets and face distractors (Fig. 2F; 

Fig. S2A–D). 

During cue presentation (note that there was no attention component), while the average population 

activity of V4 foveal units barely showed differences between faces and houses (Fig. 2G), the neural 

population dynamics in state space clearly and significantly differentiated them (Fig. 2H), suggesting 

that this population encoded visual category information. IT foveal units (Fig. 2I) and OFC foveal units 

(Fig. 2K) differentiated faces from houses, and their neural dynamics correspondingly diverged in state 

space (Fig. 2J, L). Interestingly, during cue maintenance, the average population activity of V4 (Fig. 

2M) and IT (Fig. 2O) foveal units barely differentiated faces and houses. However, the neural dynamics 

significantly differentiated them (Fig. 2N, P), suggesting that cue information was maintained through 

the delay period. Similar results were observed for OFC foveal units (Fig. 2Q, R). Notably, we 

replicated these findings in a separate identity-matching task, in which monkeys searched for an 

identical target to the cue (unlike the category-matching task above, the identity-matching task included 

only one search target; Fig. S2E, F). 

Together, these results demonstrate that neural population dynamics, rather than average firing rates, 

robustly encode and maintain task-relevant information across stages of visual search. While V4, IT, and 

OFC foveal units exhibited limited category- or attention-related modulation at the level of mean 

activity, their population dynamics revealed clear representations of visual categories during cue 

presentation, sustained maintenance of cue information during the delay, and strong differentiation of 

both visual categories and attentional states during search. These findings highlight the critical role of 

population-level temporal structure in supporting flexible, goal-directed behavior. 
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Neural activity during cue presentation and maintenance predicts search efficiency 

We next investigated whether neural activity before search onset influenced and predicted subsequent 

search efficiency. We sorted all trials by the total number of fixations required to complete each trial.  

In V4, we found a substantial population of units whose activity during cue presentation and 

maintenance was significantly correlated with the number of fixations required to complete the trial 

(36.04%, binomial P < 10−20; see Fig. 3A, B for examples and Fig. 3C–E for group summary; note that 

the units were selected based on mean activity from 0 to 200 ms after delay onset, but qualitatively the 

same results were obtained when using mean activity from 0 to 500 ms after cue onset). These units 

comprised two subgroups: one showing a positive correlation with the number of fixations (i.e., lower 

search efficiency; 24.65%; Fig. 3A, C, D; Pearson correlation: cue: r(5) = 0.91, P = 0.03; delay: r(5) = 

0.92, P = 0.03) and another showing a negative correlation (i.e., higher search efficiency; 11.39%; Fig. 

3B, C, E; cue: r(5) = −0.96, P = 0.01; delay: r(5) = −0.97, P = 0.008). These correlations held for both 

face and house cues (Fig. 3D). Because the majority of units were positively correlated with the number 

of fixations required to complete the search, this suggests that lower neural activity during cue 

processing and maintenance was associated with greater search efficiency.  

We found that the neuronal population showing a positive correlation with the number of fixations 

significantly overlapped with both the attention-selective units ([nBoth / nPositive-Correlation] versus [nAttentive-

Selective / nAll]; χ2-test: P < 10−10; Fig. 3F) and the category-selective units ([nBoth / nPositive-Correlation] versus 

[nCategory-Selective / nAll]; P = 5.62×10−5). Similarly, the neuronal population showing a negative correlation 

with the number of fixations also significantly overlapped with both the attention-selective units ([nBoth / 

nNegative-Correlation] versus [nAttentive-Selective / nAll]; P = 0.006) and the category-selective units ([nBoth / 

nNegative-Correlation] versus [nCategory-Selective / nAll]; P = 4.10×10−4). This result suggests that search efficiency 

is linked, at least in part, to the representation of attentional and categorical information, indicating a 

partially integrated coding scheme. 

Importantly, we observed that differential cue processing led to distinct neural dynamics during search 

(Fig. 3G), and that the neural representation of the search target (i.e., the search cue) diverged even 

further by the end of the search (Fig. 3H, I; two-tailed paired t-test: representational distance: t(44) = 

7.80, P = 7.88×10−10, d = 0.39, 95% CI = [31.72, 246.66]; angle between neuronal vectors: t(44) = 5.56, 

P = 1.49×10−6, d = 0.63, 95% CI = [2.45, 6.97]), suggesting that early cue-related processing shapes the 
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evolving population code during visual search. 

To explore the underlying mechanism, we conducted a frequency analysis. Interestingly, we found that 

more efficient search (i.e., fewer fixations) was associated with enhanced theta-band oscillations during 

cue presentation (Fig. 3J; Pearson correlation: both Ps < 10−7), but with reduced theta-band oscillations 

during cue maintenance (Fig. 3J; both Ps < 0.05), suggesting that theta activity during cue processing 

may modulate attentional engagement and improve subsequent search performance. 

Notably, we found similar results for IT (Fig. S3C, D), OFC (Fig. S3E), and LPFC (Fig. S3F) units. 

Specifically, in each of these regions we identified subpopulations of units whose activity during cue 

presentation and maintenance was significantly correlated with the number of fixations required to 

complete the trial. As in V4, these correlations included both positively correlated units (reflecting lower 

search efficiency) and negatively correlated units (reflecting higher search efficiency), and were 

observed for both face and house cues. Moreover, overlapping analyses revealed that these efficiency-

predicting units also intersected significantly with attention-selective and category-selective populations.  

Additionally, more efficient search was associated with enhanced theta-band oscillations during cue 

presentation but with reduced theta-band oscillations during cue maintenance. Overall, these results 

indicate that multiple cortical areas—including V4, IT, OFC, and LPFC—are engaged in representing 

neural signals predictive of search efficiency. 

Lastly, we obtained similar results when analyzing foveal (Fig. S3A, C, E) and peripheral (Fig. S3B, D, 

F) units separately. 

Together, these results suggest that across multiple cortical areas, pre-search cue processing predicts 

subsequent visual search efficiency and modulates neural dynamics, revealing an integrated brain 

network and a coordinated mechanism for attentional engagement and target selection. 

Neural processing across stages of visual search in the orthogonal subspace 

While the preceding analyses based on firing rates revealed neural dynamics at each stage of search and 

their relationship to behavior, they did not capture the full structure of neural population activity. Recent 

work has shown that critical task-related information can be represented in the orthogonal subspace of 
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neural state space—dimensions that are independent of overall firing rate changes 25. Examining how 

information evolves within this orthogonal subspace allows us to uncover not only latent population 

codes but also the transitions between stages of visual search, including cue encoding, delay 

maintenance, and target detection. 

Indeed, in V4 units non-selective for attention (Fig. 4A, C), activity along the average firing rate 

(parallel) axis did not distinguish fixations on targets versus distractors over time, as expected. In 

contrast, activity in the orthogonal plane reliably differentiated targets from distractors across time, 

emerging even before fixation onset and persisting throughout the fixation (Fig. 4A, C). A similar 

pattern was observed in IT units non-selective for attention (Fig. 4C), particularly during later time 

windows in the orthogonal subspace. Likewise, in V4 units non-selective for category (Fig. 4B, D), the 

parallel axis failed to separate fixations on faces versus houses, whereas activity in the orthogonal plane 

robustly distinguished the two categories across time (Fig. 4B, D). This effect was also evident in IT 

units non-selective for category (Fig. 4D). Together, these results indicate that the orthogonal subspace 

captures additional neural processing not reflected in mean firing rates. 

In addition, consistent patterns were observed in face-selective (Fig. S4A, C, E, F) and house-selective 

(Fig. S4B, D, G, H) units. Specifically, both face-selective and house-selective units in V4 and IT 

differentiated faces from houses along the average firing rate axis (Fig. S4F, H; particularly in later time 

windows), as expected, but did not encode attention along this axis (Fig. S4E, G), consistent with 

largely distinct neuronal populations for category and attention coding. In contrast, activity in the 

orthogonal plane not only distinguished visual categories (Fig. S4F, H) but also captured attentional 

modulation (Fig. S4E, G), especially in face-selective units. Thus, the orthogonal subspace again 

revealed additional information processing not evident in mean firing rates. 

Importantly, by analyzing stimulus representations across different stages of the search (Fig. 4E–H; see 

Methods), we found that cue information was maintained throughout the delay period (Fig. 4E, F), 

primarily within the orthogonal plane rather than along the parallel axis (Fig. 4F). This pattern was 

consistent across both V4 and IT units (Fig. 4F; permutation test: both Ps < 0.001). Moreover, stimulus 

information encoded during the delay was further transmitted to the search period in IT units (Fig. 4G, 

H), again predominantly through the orthogonal subspace (P = 0.014). 

Together, these findings demonstrate that the orthogonal subspace provides a crucial latent 
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representational structure through which the brain encodes and maintains task-relevant information 

across stages of visual search, supporting continuous information processing beyond what can be 

captured by mean firing rates alone. 

Attention modulation of neural representations in the peripheral visual fields 

Peripheral units are important for saccade selection 16,42. What is the interaction between foveal and 

peripheral processing, and how does attention modulate peripheral processing? To address these 

questions, we next investigated the neural representations of peripheral units as a function of foveal 

content and attentional state (see Methods). We focused on non-category-selective peripheral units in 

each brain area to isolate effects driven by attention modulation rather than intrinsic category tuning or 

baseline category preferences. 

First, we found that foveal attention enhanced neural pattern separation in V4 peripheral units (Fig. 5A–

D). The neural representational distance between all stimuli (including four categories of distractors and 

two categories of targets in the peripheral RF) was significantly greater when monkeys fixated on targets 

versus distractors (Fig. 5C; two-tailed paired t-test: t(14) = 6.17, P = 2.44×10−5, d = 1.59, 95% CI = 

[72.08, 148.95]), and the angle between neuronal vectors was also significantly larger (Fig. 5D; t(14) = 

10.53, P = 4.94×10−8, d = 2.72, 95% CI = [22.86, 34.57]). Interestingly, when monkeys fixated on 

targets (Fig. 5A), neural representations of distractors were similar across all four distractor categories, 

whereas representations of targets were substantially enhanced, primarily driving the increased pattern 

separation. In contrast, when monkeys fixated on distractors (Fig. 5B), neural representations of targets 

were less distinct, while face and house distractors were more distinct than the other two distractor 

types, indicating more graded pattern separation across stimulus categories. Thus, beyond the general 

enhancement of peripheral pattern separation by foveal attention, these results reveal nuanced, non-

linear mechanisms of attentional modulation. 

Similarly, both IT peripheral units (Fig. 5E–H; representational distance: t(14) = 6.87, P = 7.7×10−6, d = 

1.77, 95% CI = [28.36, 54.12]; angle: t(14) = 4.92, P = 2.25×10−4, d = 1.27, 95% CI = [8.52, 21.69]) and 

LPFC peripheral units (Fig. 5I–L; representational distance: t(14) = 7.57, P = 2.58×10−6, d = 1.96, 95% 

CI = [33.31, 59.64]; angle: t(14) = 3.08, P = 8.2×10−3, d = 0.79, 95% CI = [3.37, 18.85]) exhibited 
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enhanced pattern separation by foveal attention. Importantly, foveal attention modulated neural 

representations in a similarly non-linear manner as in V4: when monkeys fixated on targets (Fig. 5E, I), 

representations of targets were strongly enhanced while distractors collapsed onto a common 

representation, whereas when fixating on distractors (Fig. 5F, J), target representations became less 

distinct and face and house distractors were more separated than others. 

Together, these findings demonstrate that foveal attention enhances peripheral neural representations 

across visual and prefrontal areas, not only by globally increasing pattern separation but also by 

reshaping representational geometry in a non-linear, context-dependent manner. 

Neural dynamics change as a function of task contexts 

How are neural representations dynamically modulated by task context? First, we compared first-fixated 

versus re-fixated search items in foveal units from each brain area. We found that re-fixation attenuated 

the neural response in V4 (Fig. 6A, B; two-tailed paired t-test across all units in a time window 150–250 

ms after fixation onset: t(1622) = 9.43, P = 1.41×10−20, d = 0.23, 95% CI = [0.22, 0.33]) and IT (Fig. 6C, 

D; t(1417) = 6.32, P = 3.4×10−10, d = 0.17, 95% CI = [0.2, 0.38]), but not in OFC (Fig. 6E, F; t(886) = 

1.82, P = 0.07, d = 0.06, 95% CI = [−0.003, 0.08]). Interestingly, the neural representational geometry 

was consistent between first fixations and re-fixations (Fig. 6G–I), and across brain areas, we did not 

observe significant differences in neural representational distance (Fig. 6J; all Ps > 0.05 except for V4) 

or in the angle between neuronal vectors (Fig. 6K; all Ps > 0.05). Similar results were obtained for 

fixations on distractors only (Fig. S5). 

We next investigated whether fixating on targets altered responses to distractors (e.g., 45). Indeed, across 

brain areas, responses to distractors were attenuated following the first fixation on the target (Fig. 6L–Q; 

V4: t(1622) = 6.64, P = 4.33×10−11, d = 0.16, 95% CI = [0.09, 0.16]; IT: t(1417) = 2.77, P = 0.006, d = 

0.07, 95% CI = [0.02, 0.15]; OFC: t(886) = 2.58, P = 0.01, d = 0.09, 95% CI = [0.008, 0.059]). Notably, 

the neural representational geometry changed in V4 (Fig. 6R), IT (Fig. 6S) and OFC (Fig. 6T) across 

these distractor fixations. We observed an increase in neural representational distance in IT (Fig. 6U; 

t(5) = −3.59, P = 0.02, d = −1.47, 95% CI = [−53.09, −8.78]) and an increase in the angle between 

neuronal vectors in V4 (Fig. 6V; t(5) = −2.87, P = 0.04, d = −1.17, 95% CI = [−12.29, −0.67]) and IT 
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(t(5) = −2.7, P = 0.04, d = −1.1, 95% CI = [−18.02, −0.46]). 

Together, these results demonstrate that neural dynamics during search are shaped both by fixation 

history and by the attainment of the search target. While re-fixations attenuated responses in V4 and IT 

without altering the underlying representational geometry, locating the target led to a broader 

suppression of distractor responses and changes in neural representational geometry. These findings 

suggest that multiple cortical areas dynamically adjust both response strength and representational 

structure to optimize visual search behavior. 

Neural representation of search array spatial geometry in V4 and IT 

Lastly, we investigated whether neural population activity encoded spatial information and the 

geometric structure of the search array (e.g., 37). Specifically, we examined whether the neural 

population exhibited a geometry in state space that mirrored the spatial distribution of the search items 

(Fig. 7A). 

Indeed, the mean firing rate of all V4 units differentiated search array locations and exhibited similar or 

clustered activity for locations adjacent to each other (Fig. 7D). Importantly, when we projected the 

neural population activity into the neural state space, we observed a spatial distribution of encoded 

search items that matched the actual physical search array (Fig. 7C), suggesting that the neural 

representational geometry corresponded to the physical array structure. Our RSA (see Methods) 

confirmed that the pairwise distances of neuronal vectors (Fig. 7E) correlated with the pairwise 

distances between the physical locations (Fig. 7B) of the search items (Fig. 7F). Such correspondence 

started in the 50–100 ms time window, peaked in the 100–150 ms window, and was sustained through 

the 150–200 ms window of the fixation (Fig. 7F). Interestingly, while the mean firing rate showed the 

strongest differentiation of locations in the early fixation time window (Fig. 7D), the later time window 

better encoded the full spatial layout of the search array (Fig. 7C, F), indicating a transition from coarse 

rate-based coding to a more structured population-level representation of spatial information. 

Similar results were observed for IT units: the mean firing rate differentiated search array locations and 

exhibited clustered activity for adjacent locations (Fig. 7H). Projection into the neural state space 

revealed a spatial distribution of encoded items that resembled the actual array (Fig. 7G). RSA further 
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demonstrated that, beginning in the 50–100 ms time window, the pairwise distances of neuronal vectors 

(Fig. 7I) correlated with the pairwise distances between the physical locations (Fig. 7B) of the search 

items (Fig. 7J), with correspondence peaking in the 100–150 ms time window (Fig. 7G, J). In contrast, 

OFC units did not encode the spatial information of the search array (Fig. 7K–N). 

In the above analyses, we included all units; however, the effects were primarily driven by non-selective 

units, and we confirmed similar results when restricting the analysis to this subset. By contrast, 

attention- and category-selective units did not encode such geometry, suggesting that they primarily 

represent other task-related information. 

Together, these findings demonstrate that V4 and IT populations encode the spatial layout of the search 

array in a manner that preserves its geometric structure, providing a potential substrate for spatial 

organization during visual search. 

Discussion 

In this study, we systematically characterized neural coding in foveal and peripheral RFs across V4, IT, 

OFC, and LPFC during visual search. Across areas and RF types, we identified two largely distinct 

classes of units: those encoding attentional state (targets versus distractors) and those encoding the 

categorical identity of visual stimuli (faces versus houses). Beyond delineating the computational 

dynamics of each class, we demonstrated that population-level neural activity, rather than mean firing 

rates, robustly encoded task-relevant information across cue, delay, and search epochs. Cue-related 

activity predicted subsequent search efficiency, linking pre-search processing to behavioral performance. 

In particular, task-relevant information was encoded and maintained within the orthogonal subspace—a 

latent representational structure independent of overall firing rate changes. Furthermore, we uncovered a 

robust interaction between foveal attentional states and peripheral category representations, showing that 

attention directed at the fovea reshapes the representational geometry of peripheral inputs. Moreover, 

search dynamics further reflected fixation history and target detection, which modulated both response 

strength and representational structure. Lastly, V4 and IT encoded the spatial geometry of the search 

array, preserving its layout. Together, these findings highlight population dynamics as a fundamental 

mechanism for goal-directed behaviors. 
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We trained macaques to perform a free-gaze visual search task with naturalistic face and object stimuli, 

enabling a detailed investigation of how visual information is represented and how attention shapes 

these representations. This paradigm uniquely positions our study to examine the intricate interplay 

between attention coding and visual category coding across multiple cortical areas. In this study, we 

demonstrated both distinct and overlapping coding schemes across cortical areas and RF types, 

underscoring the dynamic and distributed nature of attentional modulation in visual processing. On the 

one hand, our results align with previous findings showing units that simultaneously encode visual 

features and attentional state 17, supporting a multidimensional representational framework 46. Notably, 

units encoding visual features exhibited distinct attentional effects and spike-LFP coherence patterns, 

suggesting a unique computational role in coordinating local and long-range processing during visual 

search 17. Our findings also corroborate prior work using a similar naturalistic free-gaze visual search 

task, which reported that V4 neurons integrate both bottom-up visual responses and top-down target-

related modulation 47. On the other hand, our results parallel studies in the human amygdala and 

hippocampus, where largely independent populations of neurons encode visual categories and 

attentional effects in comparable visual search tasks 45. This divergence raises an important open 

question: at what stage of the visual processing hierarchy do feature-based and attentional signals 

become integrated or remain segregated? Our present findings provide an important first step toward 

understanding how attention and visual information coding interact during naturalistic search. Future 

work combining laminar recordings, causal perturbations, and network-level modeling will be critical 

for dissecting how attentional modulation is implemented across hierarchical circuits. 

Computational models and theories of visual search suggest that it involves multiple interacting 

processes 24, and our previous work has revealed a network of brain regions that encode these processes 
48, among which a working memory component is particularly critical for maintaining the target 

representation throughout search. Working memory functions rely on a distributed network of brain 

regions 49. For instance, neurons in the medial temporal lobe (MTL) encode the working memory of the 

search cue 45, and persistently active neurons in both the human MTL and medial frontal cortex (MFC) 

support working memory maintenance 50. Extending these findings, the present study demonstrates that 

neural populations across V4, IT, and OFC also encode the contents of the cue during the maintenance 

period (Fig. 2). Critically, the strength of this maintenance signal predicted search efficiency (Fig. 3), 

suggesting that sustained representations in these areas are functionally relevant for guiding visual 
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search. These results are consistent with prior studies showing that prefrontal neurons synchronize their 

activity at gamma frequencies when monkeys retain multiple objects across a short delay in a working 

memory task 51. Together, our findings provide convergent evidence that visual search relies on a 

distributed working memory network, spanning sensory, associative, and prefrontal regions. This 

network not only maintains cue information but also links it to ongoing attentional and perceptual 

processes, thereby optimizing search efficiency. 

Our data reveal that neurons encode devolving task-relevant information within the visual and prefrontal 

neural state spaces throughout the search process to support efficient goal-directed visual behavior. 

These representations exhibit a geometric structure that reflects sensory, task-relevant, and behavior-

related information. Importantly, such representations emerge at the neural population level rather than 

from single neurons or simple linear averaging across neurons. This finding aligns with previous work 

showing that neural gain modulation arises only at the collective level and can be characterized by 

matrix-based computations in the LPFC 37. Furthermore, previous studies have shown that neural 

subspaces encode attention 39 and category 38 information. In this study, we found that these two 

subspaces are nearly orthogonal, with distinct neuronal populations encoding visual categories and 

attention. Such encoding—where different types of information are represented in orthogonal subspaces

—has also been reported in studies of sequence working memory 37 and in neural representations that 

integrate sensory percepts with memories of recent stimuli. Furthermore, we observed that projections 

onto the orthogonal subspace captured more information about category, attention, and cue maintenance 

than projections onto the average firing rate axis in neural state space (Fig. 4). Similarly, a previous 

study 25 showed that across tasks, the population-response manifold rotates relative to the average firing 

rate axis. Although average firing rates differ, the underlying manifolds share a common geometry 

representing choice-related evidence. Thus, the averaged response dimension may obscure the latent 

structure of the population code, consistent with our present findings. 

We have previously shown that both attention 17 and stimulus familiarity 52 enhance neural pattern 

separation. In this study, we extended these findings by demonstrating that attentional states in the fovea 

can enhance pattern separation in peripheral representations (Fig. 5). This result provides critical 

evidence for a functional coupling between foveal attentional engagement and peripheral visual 

processing during naturalistic search (see also 16). Importantly, the enhancement of pattern separation by 

foveal attention was not uniform but exhibited a non-linear profile, selectively amplifying target 
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representations while compressing distractor representations (Fig. 5). This non-linear modulation 

suggests that attention does more than uniformly boost neural responses; rather, it restructures the 

representational geometry of peripheral visual populations to prioritize behaviorally relevant 

information. What neural mechanisms support the observed non-linear pattern separation? One 

possibility is that top-down inputs from prefrontal regions dynamically gate feature-specific pathways in 

visual cortex, selectively enhancing target-relevant signals 53. Another possibility is that local circuit 

mechanisms, such as inhibitory sharpening or normalization, interact with top-down signals to 

restructure population codes 54. Furthermore, our findings align with evidence that attention selectively 

reshapes the geometry of distributed semantic representations 55 and modulates neural representations to 

render reconstructions according to subjective appearance 56. Future studies are needed to further assess 

how attention changes the structure of the representational spaces over which it operates, including the 

spatial organization, feature maps, and object-based coding in the visual cortex 57 (see also 17). 

In conclusion, our results reveal that goal-directed visual search emerges from dynamic, population-

level coordination across cortical regions. By jointly encoding attention, category, memory, and spatial 

layout, neural populations flexibly transform and maintain task-relevant information throughout distinct 

stages of search. The discovery of orthogonal subspace representations further highlights how latent 

population geometry supports the encoding and maintenance of task-relevant information. These 

findings provide a unifying framework for understanding how distributed cortical networks orchestrate 

complex visual cognition. Future work should examine how these subspace dynamics are modulated by 

learning, context, and behavioral demands, and whether similar principles govern population coding in 

other goal-directed behaviors. 
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Methods 

Data 

We analyzed data from a publicly available dataset 44, in which recordings from areas V4, IT (including 

both TE and TEO), LPFC, and OFC were acquired from two male rhesus macaques weighing 12 and 15 

kg. 

Tasks and stimuli 

Monkeys were trained to perform a free-gaze visual search task. A central fixation point was presented 

for 400 ms, followed by a cue lasting 500 to 1300 ms. After a delay of 500 ms, the search array 

appeared. The search array contained 11 items, including two targets, which were randomly selected 

from a total of 20 predefined locations. Monkeys were required to find one of the two targets within 

4000 ms and maintain fixation on the target for 800 ms to receive a juice reward. No constraints were 

placed on their search behavior, allowing the animals to perform the search naturally. Before the onset of 

the search array, monkeys were required to maintain central fixation. The two target stimuli belonged to 

the same category as the cue stimulus, though they were distinct images. There were four categories of 

stimuli—face, house, flower, and hand—each comprising 40 images. The cue stimulus was randomly 

selected from either the house or face category with equal probability. The remaining 9 stimuli in the 

search array were drawn from the other three categories. Each stimulus subtended an area of 

approximately 2° × 2°, with hue, saturation in the HSV color space, aspect ratio, and luminance matched 

across categories 14,16,17. The 20 locations, covering the visual field with eccentricities from 5° to 11°, 

included 18 locations symmetrically distributed across the left and right visual fields (9 on each side), 

and 2 locations on the vertical midline. 

A visually guided saccade task was used to map the peripheral receptive fields (RFs) of recorded units. 

After a 400-ms central fixation, a stimulus (a face or house, identical to those in the visual search task) 

randomly appeared at one of 20 locations. Monkeys were required to make a saccade to the stimulus 

within 500 ms and maintain fixation on it for 300 ms to receive a reward. 

Behavioral experiments were conducted using MonkeyLogic software (University of Chicago, IL), 
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which presented stimuli, monitored eye movements, and triggered reward delivery. 

Electrophysiology 

Single-unit and multi-unit spikes were recorded from V4, IT, LPFC, and OFC using 24- or 32-contact 

electrodes (V-Probe or S-Probe, Plexon Inc., Dallas, USA) with a 128-channel Cerebus System 

(Blackrock Microsystems, Salt Lake City, UT, USA). In most sessions, activity was recorded 

simultaneously from two of these areas. Neural recordings were filtered between 250 Hz and 5 kHz and 

digitized at 30 kHz to obtain spike data. Spike sorting was performed using Plexon’s Offline Sorter™ 

(OFS). LFP signals were obtained by filtering neural recordings between 0.3 and 250 Hz and digitizing 

them at 1000 Hz. Recording locations in V4, IT, LPFC, and OFC were verified using MRI. Eye 

movements were recorded with an infrared eye-tracking system (iViewX Hi-Speed, SensoMotoric 

Instruments [SMI], Teltow, Germany) at a sampling rate of 500 Hz. 

Spike rate 

Measurements of neural activity were obtained from spike density functions, which were generated by 

convolving the time of action potentials with a function that projects activity forward in time (Growth = 

1 ms, Decay = 20 ms) and approximates an EPSP 58. Specifically, this spike density function has two 

advantages 58. First, each spike exerts influence only forward in time, representing the actual 

postsynaptic effect of each cell. Second, by using a function that resembles a postsynaptic potential, we 

can apply time constants similar to those measured physiologically. Additionally, using the postsynaptic 

potential filter for time course analysis is advantageous because, when using the Gaussian filter, target 

discrimination times sometimes occur earlier than the unit’s evident visual latency. This impossible 

outcome occurs because, with the Gaussian filter, spikes exert influence backward in time. The spike 

rate of each unit was normalized by the mean baseline firing rate during the fixation spot preceding the 

cue. 

Receptive field 
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The visual response to the cue and the search array in the free-gaze visual search task was assessed by 

comparing the firing rate during the post-stimulus period (50 to 200 ms after cue/array onset) to the 

corresponding baseline (−150 to 0 ms relative to cue/array onset) using a Wilcoxon rank-sum test. Based 

on these responses, we classified units into three categories of RFs: 

(i) Units with a focal foveal RF: These units responded solely to the cue in the foveal region (P < 0.05) 

but not to the search array that included items in the periphery (P > 0.05). 

(ii) Units with a broad foveal RF: These units responded to both the cue and the search array (both Ps < 

0.05). 

(iii) Units with a peripheral RF: These units only responded to the search array (P < 0.05) but not to the 

cue (P > 0.05). The RFs of these units were additionally mapped based on their activities in the visually 

guided saccade task. Units whose RFs could be mapped in this task had a localized peripheral RF, 

whereas units whose RFs could not be mapped had an unlocalized peripheral RF (i.e., units that 

responded to the search array onset but not during the saccade task; 11.87% of visually responsive units 

in V4, 5.58% in IT, 3.20% in OFC, and 58.29% in LPFC had an unlocalized RF). 

Units not classified into the above categories (both Ps > 0.05) were not visually responsive and were 

excluded from further analysis. 

Selection of category-selective units 

We selected category-selective units by comparing the response to face cues versus house cues in a time 

window of 50 to 200 ms after cue onset (Wilcoxon rank-sum test, P < 0.05). We further imposed a 

second criterion using a selectivity index similar to indices employed in previous IT studies 59,60. For 

each unit with a foveal RF, the response to face stimuli (Rface) or house stimuli (Rhouse) was calculated 

using the visual search task by subtracting the mean baseline activity (−150 to 0 ms relative to the onset 

of the cue) from the mean response to the face or house cue (50 to 200 ms after the onset of the cue). For 

each unit with a peripheral RF, Rface and Rhouse were calculated using the visually guided saccade task by 

subtracting the mean baseline activity (−150 to 0 ms relative to the peripheral stimulus onset) from the 

mean response to the saccade target (50 to 200 ms after the onset of the saccade target). It is worth 
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noting that for both foveal and peripheral units, we ensured that there was only one stimulus in the RF. 

The selectivity index (SI) was then defined as (Rface − Rhouse) / (Rface + Rhouse). SI was set to 1 when Rface 

> 0 and Rhouse < 0, and to −1 when Rface < 0 and Rhouse > 0. Face-selective units were required to have an 

Rface at least 130% of Rhouse (i.e., the corresponding SI was greater than 0.13). Similarly, house-selective 

units were required to have an Rhouse at least 130% of Rface (i.e., the corresponding SI was smaller than 

−0.13). Units were labeled as non-category-selective if the response to face cues versus house cues was 

not significantly different (P > 0.05). The remaining units that did not fit into any of the aforementioned 

types were classified as undefined units (i.e., there was a significant difference but did not meet the 

second criterion). It is worth noting that we did not use the activity during the search to calculate the SI 

to minimize interactions with the attentional effect and between RFs. 

Selection of attention-selective units 

We used the mean firing rate in a time window of 150 ms to 225 ms after fixation onset as the response 

to each fixation. For each unit, if there was a significant difference in response (determined using a two-

tailed Wilcoxon signed-rank test, with a significance threshold of P < 0.05) between fixations on targets 

and fixations on distractors, it was classified as an attention-selective unit. Similarly, for units with a 

peripheral RF (as described above), we compared the response between targets and distractors within the 

RF in the same time window as for foveal units. Lastly, we calculated the attentional effect as the 

difference in firing rate between the same stimuli when they served as targets versus distractors. 

Angle between the category and attention hyperplanes 

We used the method from 32 to measure the angle between the category and attention hyperplanes and 

examine their relationship. Specifically, we trained two classifiers: one to distinguish between faces and 

houses (category classifier; for distractor stimuli) and another to differentiate between target and 

distractor stimuli (attention classifier; for face and house stimuli) within the RF of units during the 

search. Classifiers were trained using the vector of firing rates (FRs) averaged over 0–255 ms from 

fixation onset for all foveal units within a region, following the same procedure, with the only difference 

being the condition groupings. This resulted in a matrix of mean FRs for each unit and each fixation 
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(matrix size = units × fixations). We downsampled the data 100 times and trained a classifier on each 

sample. The final classifier was obtained by averaging the intercepts (b) and weights (w) of these 100 

trained classifiers. The resulting classifier is a hyperplane defined by its orthogonal vector (size = the 

number of units) and an intercept. We calculated the angle between the two trained classifiers/

hyperplanes as follows : where w1 and w2 are the weight vectors of the 

two classifiers. To obtain the null distribution (1000 runs), we shuffled the condition labels for category 

and attention, trained two classifiers on the shuffled data, and calculated the angle between them to 

derive the shuffled angle. 

Principal component analysis (PCA) 

When the activity of a population of units is plotted in a coordinate system in which each axis represents 

the firing rate of one unit—also known as the state space—the response dynamics of the population can 

be depicted as a high-dimensional neural trajectory. We used demixed PCA (dPCA; see below; Fig. 2) to 

compute a low-dimensional space and projected neural population activity onto the first three principal 

components (PCs) to visualize neural trajectories within the space of neural activity during the following 

periods (in 10 ms bins): (1) 0–500 ms from cue onset; (2) 0–500 ms from delay onset; and (3) 0–225 ms 

from fixation onset during search. The fixations/trials were sorted based on stimulus categories and/or 

attentional states. We further divided the neural population based on brain areas (V4, IT, OFC, and 

LPFC) and RFs (foveal and peripheral units). To compute statistics (i.e., identify time points along the 

trajectory that significantly differed between conditions), we shuffled the data between conditions 1000 

times and compared the observed trajectory distances with those from the shuffled data. Multiple 

comparisons across time points were corrected using the false discovery rate (FDR; P < 0.05) 61. 

PCA is an unsupervised method, and the resulting components can retain mixed information about 

category and attention coding. To better capture neural tuning to these two task parameters, we used 

dPCA, a dimensionality reduction technique that demixes the dependencies of population activity on 

task parameters by decomposing the data into a few components 62. Unlike PCA, the compression and 

decompression steps of dPCA do not directly reconstruct neural activity but instead reconstruct neural 

activity averaged over trials and some task parameters. We used dPCA with stimulus categories and/or 

angle = arccos(
w1 ⋅ w2

|w1 | |w2 |
)
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attentional states and time as the marginalized variable.  For the search period, the demixing weights 

(basis functions) were computed from the target responses. For the cue and delay periods, the demixing 

weights were computed from the averaged responses to faces and houses. Neural activity during each 

epoch was then projected onto the corresponding basis functions. 

Parallel axis and orthogonal plane 

For Fig. 4, we first extracted trial-averaged PSTHs for each unit in response to eight face and eight 

house stimuli, from −60 to 210 ms relative to fixation onset, using 30-ms time bins. This resulted in nine 

time steps centered at [−45, −15, 15, 45, 75, 105, 135, 165, 195] ms. We selected 8 face and 8 house 

stimuli because, as the number of stimuli increases, the number of units that had seen all of them 

decreases. With 8 face and 8 house stimuli, approximately 41% to 73% of the units could be included in 

the analysis. Trials were grouped by stimulus identity and attentional status (target/distractor). We then 

concatenated each unit’s PSTHs into a response vector and combined the vectors of all units into a 

population response matrix with T × C rows and N columns, where T = 9 is the number of time steps, C 

= 32 is the number of conditions (16 stimulus identities × 2 attentional statuses), and N is the number of 

units. Only correct trials were used for the analyses. The neural population was divided based on brain 

region, RF, and selectivity. dPCA was performed across PSTHs for each subset of the population to 

decompose responses into two components, depending on either the attentional status task parameter 

(target and distractor components) or the category task parameter (face and house components), as 

described above. The neural population response for each condition at each time step can be depicted as 

a point in three-dimensional (3D) PC space. In this space, the projected population-averaged firing rate 

changed along a linear axis. A vector corresponding to this linear projection axis can be readily derived 

from the PC coefficients 25: , where  is the axis of the 

population average firing rate, and wi,n is the coefficient of unit n for the i-th PC.  

We projected each point onto the axis of the average firing rate in the 3D PC space. The projection of a 

point  onto the average FR axis is: . The parallel 

⃗τpop.avg. = [
N

∑
n=1

w1,n

N

∑
n=1

w2,n

N

∑
n=1

w3,n] ⃗τpop.avg.

P projτ(P) =
P ⋅ ⃗τpop.avg.

⃗τpop.avg. ⋅ ⃗τpop.avg.
⃗τpop.avg.
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components along the average FR axis is determined by the Euclidean distance between the projected 

point  and the origin, with the sign corresponding to the sign of the dot product .  

The normal vector to a plane orthogonal to the population average FR axis is . We define the 

orthogonal plane as the plane that passes through the origin. The unit vector along the y-axis of the plane 

is determined as: , where  is the vector along the x-axis in the plane, which can be obtained by 

projecting an arbitrary point in the 3D space, with the specific point [10, 0, 0] used in this case. The 

projection of a point  onto the plane is: . We then 

projected  again onto the x-axis and y-axis of the plane to obtain the coordinates in the plane. 

These coordinates are determined by the Euclidean distances between the projected points and the 

origin, with the sign corresponding to the sign of the dot product, respectively. The orthogonal 

components to the average FR axis are defined by these coordinates. 

We used linear discriminant analysis (LDA) to classify the target stimulus from the distractor or the face 

stimulus from the house. The classifier used parallel and orthogonal components for classification, 

respectively. 

Geometry in neural subspaces using rotated PCA (rPCA) 

For each subspace of the neural state space, standard PCA was performed across different conditions to 

identify the first two or three axes that captured the most response variance due to condition variation in 

each subspace. To compare representational geometries of different subspaces, the subspace axes were 

rotated and scaled (i.e., rPCA procedure) to align them (see details in 37).  

We sorted/reconstructed the neural responses as follows: 

For Fig. 4, neural responses of foveal units from V4 and IT were sorted according to the stage of visual 

search and stimulus identity, and only stimuli presented to all neurons were included. The numbers of 

shared face and house stimuli for the V4 and IT populations were 32/36 and 27/30, respectively. The 

time windows corresponding to the different task stages were defined as follows: 0–500 ms from cue 

projτ(P) P ⋅ ⃗τpop.avg.

⃗τpop.avg.

⃗τ × x
∥ ⃗τ × x∥

x

P proj𝒫(P) = P −
P1 ⋅ τ1 + P2 ⋅ τ2 + P3 ⋅ τ3

τ2
1 + τ2

2 + τ2
3

⋅ ⃗τ

proj𝒫(P)
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onset, 0–500 ms from delay onset, and 0–250 ms from fixation onset during the search period. 

For Fig. 5, we used a multivariable linear regression model to assess how the categories and attentional 

states of multiple stimuli within the RF of a peripheral unit, along with foveal content and attentional 

state during search, collectively shaped the neural response, because the RF of a peripheral unit may 

contain multiple stimuli. This model allowed us to dissociate the contributions of each variable for 

subsequent modeling. Task variables were defined by stimulus category and attentional state. 

Specifically, RF stimuli included face target, face distractor, house target, house distractor, flower 

distractor, and hand distractor, crossed with fixation type (fixation on a target versus fixation on a 

distractor), resulting in a 12-dimensional one-hot vector representation. For example, the vector (1 0 0 0 

1 1 0 0 0 0 0 0)T denotes a fixation on a target with a face target, flower distractor, and hand distractor in 

the peripheral RF. In the model, the average neural response during each fixation (0–250 ms after 

fixation onset) was modeled as a linear combination of these task variables. To prevent overfitting, we 

applied Lasso regularization, with the regularization strength determined by maximum-likelihood 

estimation. For each unit, fixations were randomly split in half 100 times, and the regression model was 

fitted separately to each half. This procedure produced 200 estimates of each regression coefficient, 

which were then averaged. Subsequent analyses were performed on these mean coefficient values. 

For Fig. 6, neural responses were sorted into four conditions (fixations on a face, house, flower, or hand 

stimulus) × two groups (fixating on the stimulus for the first time in each trial or re-fixating). There were 

three subsets of populations (foveal units from V4, IT, and OFC). 

For Fig. 7, neural responses of foveal units in V4 and IT from 0 to 200 ms after fixation onset were 

grouped into 20 conditions corresponding to the 20 spatial fixation locations. To compare 

representational geometries across time, the responses were further divided into 50-ms time bins. Neural 

activity within each time bin defined a subspace. These four subspaces were rotated and scaled as 

described above and further aligned according to the x–y spatial coordinates of the fixation locations. 

We used time-averaged responses (for Fig. 3 and Fig. 6) or regression coefficients (for Fig. 5) to 

construct neuronal vectors and calculated the Euclidean distance between them to quantify neural 

representational distance. Changes in population geometry were further characterized using the cosine 

angle between neuronal vectors: , where a and b represent neuronal vectors for cos θ =
a ⋅ b

|a | |b |
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different conditions. 

Representational similarity analysis (RSA) 

For RSA 63, dissimilarity matrices (DMs) are symmetrical matrices representing dissimilarity between 

all pairs of locations. In a DM, larger values indicate greater dissimilarity (distance) between pairs, with 

the smallest possible value (0) indicating similarity of a condition to itself. We used Pearson correlation 

to compute DMs for neural populations and Euclidean distance for stimulus location coordinates on the 

screen. Spearman’s correlation was used to assess the correspondence between DMs, as it does not 

assume a linear relationship 64. Specifically, PSTHs of the foveal units from 0 to 200 ms after fixation 

onset (with a 50 ms time bin) were sorted based on the location of the fixated stimulus. The average 

response for each of the four time steps was used to compute the dissimilarity value (1 − Pearson’s r) for 

the neural DM between each pair of locations. To assess the significance of the correspondence between 

the neural and physical DMs, we employed permutation tests with 1000 runs. In each run, location 

labels were randomly shuffled, and the correlation between DMs was recalculated. The distribution of 

correlation coefficients from the shuffled data (i.e., the null distribution; shaded in gray in Fig. 7) was 

then compared to the observed correlation coefficient (i.e., unshuffled; connected dots in Fig. 7). If the 

observed correlation exceeded 95% of the coefficients in the null distribution, it was deemed significant. 

Bonferroni correction was applied to account for multiple comparisons. 

A similar procedure was applied to examine the relationships between different stages of the visual 

search process (Fig. 4).

Code availability

The source code for this study is publicly available on OSF (https://osf.io/sdgkr/). 
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Fig. 1. Category-selective and attention-selective units. (A) Task. Monkeys initiated the trial by 

fixating on a central point for 400 ms. A cue was then presented for 500 to 1300 ms. After a delay of 500 

ms, the search array with 11 items appeared. Monkeys were required to fixate on one of the two search 

targets that belonged to the same category as the cue for at least 800 ms to receive a juice reward. The 

white trace indicates eye gazes. (B) MRI images show the typical recording regions of V4, TEO, TE, 

and the orbitofrontal cortex (OFC). (C–E) Example category-selective units. (F–H) Example attention-

selective units. (C, F) V4 foveal units. (D, G) IT foveal units. (E, H) OFC foveal units. Each row 

represents a fixation. Time 0 denotes the onset of each fixation. Average firing rates are shown below. 

(I–N) Population summary of category-selective and attention-selective units. 
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Fig. 2. Neural population dynamics during cue maintenance and search. (A–F) Search. (G–L) Cue. 

(M–R) Delay. (A, B, G, H, M, N) V4 foveal units. (C, D, I, J, O, P) IT foveal units. (E, F, K, L, Q, R) 

OFC foveal units. (A, C, E, G, I, K, M, O, Q) Mean normalized firing rate. Error shades denote ±SEM 

across units. (B, D, F, H, J, L, N, P, R) Neural population dynamics. Thick lines indicate time points 

with significant differences between conditions (permutation test of the separation of the curves: P < 

0.05, corrected by false discovery rate [FDR] across time points 61), while thin lines indicate non-

significant time points. Solid lines represent observed data, and dotted lines represent permuted data. 

Shaded areas around dotted lines indicate ±SD across permutation runs (n = 1000). 
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Fig. 3. Neural activity in V4 during cue presentation and maintenance predicts search efficiency. 

(A) An example unit exhibiting higher activity for trials requiring more fixations to complete (i.e., 

positive correlation). (B) An example unit exhibiting higher activity for trials requiring fewer fixations 

to complete (i.e., negative correlation). (Top) Neural activity during cue presentation and maintenance, 

sorted by the number of fixations required to complete the search. (Middle) Mean firing rate. (Bottom) 

Correlation between average neural activity and the number of fixations needed to complete the search. 

Each dot represents a trial. The central red dot represents the mean, and the red crosses denote ±SD. The 

line represents the linear fit. Red: face cues. Blue: house cues. (C) Summary of the correlation 

coefficient (Pearson’s r) between average neural activity and the number of fixations required to 

complete the search. Each circle represents a unit. Black: units with a significant correlation. Gray: units 

with a non-significant correlation. (D) Group summary of units showing a positive correlation between 

activity and the number of fixations required during the search. (E) Group summary of units showing a 

negative correlation between activity and the number of fixations required during the search. (Upper) 

Group PSTH. Error shading denotes ±SEM across units. (Lower) Correlation (cue: mean activity from 0 

to 500 ms after cue onset; delay: mean activity from 0 to 200 ms after delay onset). Each dot represents 

a unit. The central red dot represents the mean, and the red crosses denote ±SD. The line represents the 

linear fit. (F) Overlap between units showing significant correlations and attention-selective or category-

9.53%
8.68%

15.97%
65.82%

16.9%1.31%

10.08%

71.71%

20.25%
4.07%

20.58% 55.1%

20.42%
3.9%

7.5% 68.19%

Face 1
Face 2
Face 3
Face 4
Face 5
House 1
House 2
House 3
House 4
House 5

0

20

40

60

80

100

120

140

160

180

200
Tr

ia
l N

um
be

r
Fi

rin
g 

R
at

e 
(H

z)

Delay Onset (ms)Cue Onset (ms)

Number of Fixation

Fi
rin

g 
R

at
e 

(H
z)

Number of Fixation

0

50

100

150

200

250

300

350

Tr
ia

l N
um

be
r

Cue Onset (ms)

Fi
rin

g 
R

at
e 

(H
z)

Delay Onset (ms)

Number of Fixation

Fi
rin

g 
R

at
e 

(H
z)

Number of Fixation

Po
w

er
 (m

V2 )

r = -0.03, P = 0.02

Frequency (Hz)

Po
w

er
 (m

V2 )

r = -0.02, P = 0.08

r = -0.08, P = 1.15×10-12

Frequency (Hz)

r = -0.06, P = 6.86×10-8

r = 0.04, P = 3.55×10-4

Frequency (Hz)

r = 0.03, P = 0.02

Fixation Point Cue Delay

0

500

1000

D
is

ta
nc

e

****

****

****

Array Onset Search End
Shuffle Shuffle

0

5

10

15

20

25
C

os
in

e 
An

gl
e 

(d
eg

re
e)

****

****
Array Onset Search End

****

Shuffle Shuffle

-200
500

0

PC
3 

(2
%

 V
ar

ia
nc

e)

500
PC2 (24% Variance)

0

PC1 (57% Variance)

200

0
-500 -500

Array Onset
Search End
Array Onset Shuffle
Search End Shuffle

B EA D

H JG

F

I
Category-Selective

Both
Neither

Delay Onset (ms)Cue Onset (ms)

N
or

m
al

iz
ed

 F
iri

ng
 R

at
e

0 200 400

0.8

1.2

1.6

Delay Onset (ms)

N
or

m
al

iz
ed

 F
iri

ng
 R

at
e

Cue Onset (ms)
0 200 400

0.8
1.2
1.6
2

2.4
2.8
3.2
3.6

Positive-Correlation
Negative-Correlation

0

100

0

100

200

0 200 400
0
50
100
150
200

0 200 400
50

100

1 2 3 4 5 1 2 3 4 5 1 2 3 4 5 1 2 3 4 5

Number of Fixation

Fi
rin

g 
R

at
e 

(H
z)

0

50

100

150

1 2 3 4 5
Number of Fixation
1 2 3 4 5

Number of Fixation

Fi
rin

g 
R

at
e 

(H
z)

0

50

100

150

200

1 2 3 4 5
Number of Fixation
1 2 3 4 5

5 10 15 20 5 10 15 20 5 10 15 20

5 10 15 20 5 10 15 20 5 10 15 20

-50 0 50 100 150-50 0 50 100 150

-50 0 50 100 150-50 0 50 100 150

0

0.005

0.01

0

0.005

0.01

Attention-Selective

-0.5

0

0.5

Pe
ar

so
n'

s 
r

Cue

-0.5

0

0.5

Pe
ar

so
n'

s 
r

Delay

C

Page  of 31 50

.CC-BY 4.0 International licenseavailable under a
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made 

The copyright holder for this preprintthis version posted January 21, 2026. ; https://doi.org/10.64898/2026.01.18.700191doi: bioRxiv preprint 

https://doi.org/10.64898/2026.01.18.700191
http://creativecommons.org/licenses/by/4.0/


selective units. Shown are units selected during the delay period (mean activity from 0 to 200 ms after 

delay onset). (G) Neural population dynamics. The open black circle denotes the onset of the search 

(array onset), and the solid black circle denotes its completion. The blue and red circles indicate 

permuted data at the search onset and end, respectively. (H) Representational distance for the population 

of units. (I) Angle between neuronal vectors. In each box, the central mark indicates the median, the 

edges represent the 25th and 75th percentiles, the whiskers extend to the most extreme data points 

considered not to be outliers by the algorithm, and outliers are plotted individually. Black asterisks 

indicate a signifiant difference between the observed and permuted data. Red asterisks indicate a 

significant difference between search onset and end using a two-tailed paired t-test. ****: P < 0.0001. 

(J) Power as a function of the number of fixations required to complete the search. The gray shaded area 

indicates the theta frequency band (4–12 Hz) used to calculate the correlation between power and the 

number of fixations. 
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Fig. 4. Neural processing across stages of visual search in the orthogonal subspace. (A) Projection 

of the population response of V4 non-selective units onto the attention subspace across time. (B) 

Projection of the population response of V4 non-selective units onto the category subspace across time. 

(Upper) Projection onto the average firing rate axis; (Lower) Projection onto the plan orthogonal to the 

average firing rate axis. Classification accuracy is indicated in the title. (C) Classification accuracy for 

attention. (D) Classification accuracy for category. (E) Projection of the population response of IT 

foveal units during cue and delay. (F) Correlation between RDMs during cue and delay. (G) Projection 

of the population response of IT foveal units during delay and search. (H) Correlation between RDMs 

during delay and search. The central mark represents the median of the null distribution, the top and 

bottom edges correspond to the 75th and 25th percentiles, respectively, and circles indicate outliers. The 

red triangle indicates the observed value. Asterisks indicate significant correlations (permutation test, *: 

P < 0.05, **: P < 0.01, and ***: P < 0.001). 
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Fig. 5. Attention modulation of neural representations in the peripheral visual fields. (A–D) V4 

units. (E–H) IT units. (I–L) LPFC units. All units are non-category-selective peripheral units. (A, B, E, 

F, I, J) The population response for each stimulus with specific attention-category combination 

projected to the corresponding foveal attentional state subspace. Responses were obtained through linear 

regression of averaged activity. Dimensions of the neural state subspaces are represented by the rotated 

principal components (rPCs). (A, E, I) Fixations on targets. (B, F, J) Fixations on distractors. (C, G, K) 

Representational distance for the population of units. (D, H, L) Angle between neuronal vectors. In each 

box, the central mark indicates the median, the edges represent the 25th and 75th percentiles, the 

whiskers extend to the most extreme data points considered not to be outliers by the algorithm, and 

outliers are plotted individually. Asterisks indicate a significant difference between subspaces (distractor 

versus target) using a two-tailed paired t-test. *: P < 0.05, **: P < 0.01, ***: P < 0.001, and ****: P < 

0.0001. 
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Fig. 6. Neural dynamics change as a function of task contexts. (A–K) Comparison of first-fixated 

versus re-fixated search items. (L–V) Comparison of fixations on distractors before versus after the first 

fixation on the target. (A, B, G, L, M, R) V4 units. (C, D, H, N, O, S) IT units. (E, F, I, P, Q, T) OFC 

units. (A, C, E, L, N, P) Mean normalized firing rate. Error shades denote ±SEM across units. (B, D, F, 
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M, O, Q) Mean normalized firing rate in a time window 150–250 ms after fixation onset. In each box, 

the central mark indicates the median, the edges represent the 25th and 75th percentiles, the whiskers 

extend to the most extreme data points considered not to be outliers by the algorithm, and outliers are 

plotted individually. Asterisks indicate a significant difference between conditions using a two-tailed 

paired t-test. *: P < 0.05, **: P < 0.01, ***: P < 0.001, and ****: P < 0.0001. (G–I, R–T) Projection of 

the population response onto the neural state space. (J, U) Representational distance for the population 

of units. (K, V) Angle between neuronal vectors. 
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Fig. 7. Neural representation of search array spatial geometry. (A) Search array locations. (B) 

Representational dissimilarity matrix (RDM) of search array locations. Color coding shows dissimilarity 

values (i.e., distances between physical locations). (C–F) V4 units. (G–J) IT units. (K–N) IT units. (C, 

G, K) Projections of neuronal vectors across four time windows (0–50 ms, 50–100 ms, 100–150 ms, and 

150–200 ms) into the common neural state space. (D, H, L) Mean firing rate for each search array 

location. Shaded areas denote ±SEM across units. (E, I, M) Neural RDM of search array locations in the 

100–150 ms time window. Color coding shows dissimilarity values (i.e., 1 − Pearson’s correlation 

between neuronal vectors). (F, J, N) Correlation between neural and physical RDMs. Solid circle: P < 

0.05 (permutation test; Bonferroni-corrected across comparisons). Shaded areas denote ±SD across 

permutation runs. 
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Fig. S1. Additional results for category-selective and attention-selective units. (A–F) Category-

selective foveal units. (G–L) Category-selective peripheral units. (M–R) Attention-selective foveal 

units. (S–X) Attention-selective peripheral units. (A, B, G, H, M, N, S, T) V4 units. (C, D, I, J, O, P, U, 

V) IT units. (E, F, Q, R) OFC units. (K, L, W, X) LPFC units. Legend conventions as in Fig. 1. 
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Fig. S2. Control results for neural population dynamics. (A–D) Statistical comparison using 

permutation tests for each brain area in the main (category-matching) task. (A) Comparison of face 

targets versus house targets. (B) Comparison of face versus house distractors. (C) Comparison of face 

targets versus face distractors. (D) Comparison of house targets versus house distractors. (E, F) 

Replication of results in the identity-matching task. In this task, there was only one search target, and 

monkeys were required to fixate on the identical target matching the cue. Legend conventions as in Fig. 

2. 

Page  of 42 50

.CC-BY 4.0 International licenseavailable under a
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made 

The copyright holder for this preprintthis version posted January 21, 2026. ; https://doi.org/10.64898/2026.01.18.700191doi: bioRxiv preprint 

https://doi.org/10.64898/2026.01.18.700191
http://creativecommons.org/licenses/by/4.0/


 

Fig. S3. Neural activity during cue presentation and maintenance, analyzed separately for foveal 

and peripheral units. (A) V4 foveal units. (B) V4 peripheral units. (C) IT foveal units. (D) IT 

peripheral units. (E) OFC foveal units. (F) LPFC peripheral units. Legend conventions as in Fig. 3. 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Fig. S4. Neural processing across stages of visual search in the orthogonal subspace for face-

selective and house-selective units. Legend conventions as in Fig. 4. 
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Fig. S5. Comparison of first-fixated versus re-fixated search items using only distractor stimuli. 

Legend conventions as in Fig. 6. 
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