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Department of Neurobiology and Biophysics 

 

Perception and behavior emerge from the coordinated activity of neurons within local circuits and 

across distributed brain regions. This view is supported by extensive recurrent and long-range 

connectivity, as well as large-scale recordings of brain-wide activity. Open questions include which cortical 

interactions arise from direct causal relationships, and the relative magnitude of shared versus private 

activity in sensory areas. In this dissertation, we address both questions using simultaneous mesoscale 

calcium imaging and cortex-wide optogenetic manipulation, high-density electrophysiology, and statistical 

modeling of population activity and spike counts. In Chapter 1, we review the evidence that cortical 

activity is distributed across areas and the supporting anatomical connectivity, and then discuss 

methodological advances for circuit manipulation. In sensory areas, movement, arousal, and other 

cognitive signals have been proposed as candidate sources of neural variability in sensory responses. 

Next, we introduce a system for simultaneous imaging and optogenetic manipulation across dorsal cortex 

(Chapter 2). We show that direct input did not account for homotopic correlations, both at the level of 

single-neurons and population coupling. In Chapter 3, we developed a Poisson reduced-rank regression 

framework to partition trial-to-trial variability in primary visual cortex (V1) spike counts, and found that a 

low-dimensional pattern of activity shared among V1 neurons accounted for most of their variability 

beyond Poisson. Cortex-wide activity, measured with simultaneous electrophysiology or mesoscale 

 



imaging, predicted more than half of this shared variability and subsumed the variability predicted by 

behavior. Variability in V1 therefore substantially reflects activity shared with the rest of dorsal cortex 

rather than fluctuations private to V1. Finally, in Chapter 4, we discuss the implications of these findings 

for distributed neural computation, the limitations of measuring global signals in dorsal cortex alone, and 

future directions for dissecting causal pathways along which cortical activity is shared. 
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Chapter 1: Introduction 

​ Perception and action depend on computations from sensory, motor, and cognitive brain 

regions. Sensory input is transformed into representations of stimulus features, combined with internal 

state and prior experience, and read out to inform motor commands. This modular feedforward 

description, however, may not reflect how these computations are performed in the brain. For example, 

internal state may modulate the processing of sensory input even at the earliest stages (Livingstone and 

Hubel, 1981). Sensory representations are therefore shaped by more than the feedforward transformation 

of stimulus features. 

​ Vision is a critical sensory modality for many organisms, playing a vital role in behaviors 

needed for survival like navigation, foraging, and social interaction. However, individual visual neurons 

encode stimuli with apparently low fidelity; their responses to identical stimuli vary from trial to trial, in 

contrast to the relative reliability of visually guided behavior. A substantial body of work has found this 

variability to be structured rather than random, reflecting processes that contribute to computation and are 

not simply a limit on signaling. Responses in visual cortex therefore reflect influences beyond the 

encoding of the stimulus. This variability may reflect the demands of natural behavior, in which the same 

stimulus can require different actions depending on context. 

1.1 Distributed cortical activity 

1.1.1 From localization to distributed function 

​ The view of cortex as a collection of specialized regions has its origins in 

nineteenth-century neurology. Cytoarchitectural mapping of anatomically distinct regions established 

cortex as a collection of structurally and functionally specialized areas (Brodmann, 2007). Early single-unit 

recordings also suggested specialization at the neuronal level in visual cortex, somatosensory cortex, and 

auditory cortex (Hubel and Wiesel, 1962; Merzenich et al., 1975; Mountcastle, 1957). This view positioned 

cortical regions as relatively autonomous computational units, each performing a designated function 

within a specialized circuit. 
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​ Alongside this work, lesion studies pointed out a more distributed organization. The 

concept of diaschisis held that focal damage produces functional depression not only at the lesion site but 

at distant, anatomically connected regions, implying that a region’s normal function depends on input from 

elsewhere (von Monakow, 1914). Lesion studies in rodents found that behavioral deficits scaled with the 

volume of removed cortex rather than the location, leading to the proposal that some functions are 

distributed across cortex rather than localized (Lashley, 1929). The neural activity underlying these 

phenomena, however, was difficult to determine empirically given the methodological limitations of the 

time. 

​ Anatomical work through the late twentieth century revealed the extent of inter-areal 

connectivity. Mapping of primate visual cortex showed a hierarchy of specialized areas linked by 

extensive reciprocal connections, with feedback projections as prevalent as feedforward ones (Felleman 

and Van Essen, 1991). Specialization and interconnection were both features of cortical organization, but 

understanding how neural circuits integrated these properties remained an open question. 

1.1.2 Evidence from large-scale recordings 

Historically, cortical recordings were limited to small numbers of neurons in single regions (Siegle 

and Steinmetz, 2026). Recordings yielded a fraction of the population of any single area, providing little 

information about activity across broader circuits and networks. Inferring function from such a limited view 

is fundamentally constrained. Recent technologies have substantially expanded the scale of brain 

recording. High-density silicon probes such as Neuropixels record from hundreds of neurons along 

electrodes spanning multiple regions (Jun et al., 2017; Steinmetz et al., 2021), and combining multiple 

probes enables simultaneous recording from many distant regions in the same subject (Steinmetz et al., 

2019). Such recordings have revealed that task-related signals are broadly distributed across cortex and 

subcortex, well beyond regions traditionally associated with their computations (Steinmetz et al., 2019). A 

substantial portion of this widespread activity reflects movement and behavioral state, though behavior 

does not account for all of it (Manley et al., 2024; Musall et al., 2019; Stringer et al., 2019b). 

A complementary approach measures activity across the cortical surface rather than within a 

single site. Optical imaging of cortex has a long history, beginning with voltage- and calcium-sensitive 
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dyes (Grinvald et al., 1986; Orbach et al., 1985), but its routine use in mice followed the development of 

transgenic lines expressing genetically-encoded calcium indicators throughout cortex (Vanni and Murphy, 

2014; Wekselblatt et al., 2016). Single-photon “widefield” imaging through the cleared or thinned skull 

captures activity across most of dorsal cortex simultaneously. The signal reflects bulk fluorescence from 

populations of neurons rather than individual cells, and its temporal resolution is limited by indicator 

kinetics. Therefore, widefield trades cellular and spike-level resolution for spatial breadth. This breadth 

has made it possible to characterize how activity is organized across cortex as a whole (MacDowell et al., 

2025; Musall et al., 2019; Ye et al., 2026). 

1.1.3 Anatomical substrates of distributed activity 

​ The distributed nature of cortical activity is supported by extensive structural connectivity. 

Anatomical tracing has shown that cortical areas are interconnected through long-range projections, 

forming a densely interconnected network rather than a set of isolated processing units (Felleman and 

Van Essen, 1991; Markov et al., 2014). In the mouse, large-scale connectivity mapping has characterized 

projections among virtually all cortical areas, revealing that most areas project to and receive input from 

many others (Gămănuţ et al., 2018; Harris et al., 2019; Oh et al., 2014; Zingg et al., 2014). Many 

projections are organized hierarchically, with feedforward and feedback pathways at different levels of 

processing, but the density of this connectivity suggests that influence is not restricted to hierarchically 

adjacent areas.  

​ A prominent feature of cortical connectivity is the corpus callosum, which links the two 

hemispheres. Callosal projections are predominantly homotopic, connecting each cortical area most 

strongly to its counterpart in the opposite hemisphere (Oh et al., 2014). This anatomical arrangement has 

a clear functional correspondence; activity in homotopic regions is strongly correlated across 

hemispheres, a relationship observed across sensory, motor, and association cortices (Mohajerani et al., 

2010; Shimaoka et al., 2019). Whether the bilateral functional coupling observed throughout cortex 

reflects direct callosal communication, shared input from subcortical or ipsilateral sources, or some 

combination has not been directly tested. 
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​ Cortical regions are also linked indirectly through the thalamus. Thalamic nuclei have 

traditionally been divided into first-order relays, which convey peripheral sensory input to primary cortical 

areas, and higher-order nuclei, which receive inputs from cortex and project back to other cortical regions 

(Sherman, 2016). Higher-order nuclei such as the pulvinar in primates and the lateral posterior nucleus 

(LP) in mice are positioned to relay activity between cortical areas, providing a subcortical route for 

inter-areal communication alongside direct cortico-cortical projections (Bennett et al., 2019; Saalmann et 

al., 2012). Cortical regions also converge in the striatum, with patterns of convergence defining functional 

subdivisions, and where basal ganglia output returns to cortex by way of thalamus (Hunnicutt et al., 

2016). Therefore, inter-area interactions need not travel by direct cortico-cortical projections alone, and 

the route underlying functional relationships between two regions may not be obvious from anatomical 

connectivity maps. 

​ Among the cortical inputs to visual cortex are direct projections from frontal areas. The 

anterior cingulate area (ACA) projects to V1, and optogenetic activation of these neurons enhances V1 

responses and discrimination performance (Zhang et al., 2014). This circuit appears to be specific to 

vision: circuit mapping has shown that while visual cortex is reciprocally connected with ACA, 

somatosensory and auditory cortices connect preferentially with primary motor cortex (Zhang et al., 

2016). ACA also projects to visual cortex indirectly, through the superior colliculus (Hu et al., 2019) and 

through higher-order thalamus (Bennett et al., 2019). Frontal cortex is therefore positioned to convey 

signals arising from outside the visual system, and ACA in particular is a candidate source of distributed 

activity shaping V1 responses. 

​ A final class of distributed input arises from neuromodulatory systems. Cholinergic 

projections from the basal forebrain (Záborszky et al., 2018), noradrenergic projections from the locus 

coeruleus (Aston-Jones and Cohen, 2005), and serotonergic projections from the raphe nuclei (Ren et al., 

2019) reach broadly across cortex, in many cases targeting most or all cortical areas. Neuromodulatory 

transmission has classically been described as slow and spatially diffuse, operating over tens of seconds 

to minutes, although recent work has demonstrated precise spatiotemporal dynamics within single cortical 

areas (Rohner et al., 2026). Neuromodulatory activity is closely tied to arousal, movement, and behavioral 

state, and modulates cortical responses across sensory areas (McGinley et al., 2015; Pinto et al., 2013; 
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Reimer et al., 2016). Because neuromodulatory input reaches frontal cortex as well as sensory areas, 

activity recorded in any one cortical region may partly reflect this shared modulatory drive rather than 

signals originating in that region itself. 

​ Such connectivity provides the anatomical substrate for distributed influence on single 

cortical regions. However, there is no straightforward prediction of which regions are functionally coupled. 

Regions connected by dense direct projections may have weak synaptic connections, and regions with 

sparse direct connectivity may show robust coupling. The multiple parallel routes mean that a functional 

relationship between two cortical areas may reflect direct communication, indirect communication, shared 

input, or some combination. Computation in any single cortical region is therefore shaped by a densely 

connected network whose influence cannot be inferred from connectivity alone. 

1.2 Correlational vs. causal approaches to cortical interaction 

Measuring activity across regions establishes correlational relationships but does not address 

causality. Optogenetics provides temporally precise, cell-type-specific control over neural activity (Boyden 

et al., 2005; Luo et al., 2008), improving on lesions and pharmacological inactivation in both timescale 

and specificity. In mouse cortex, transcranial illumination of mice expressing opsins allows activity in a 

targeted region to be manipulated without surgical access to the tissue (Guo et al., 2014; Li et al., 2019). 

Scanning the illumination site across the cortical surface extends this approach from single regions to 

systematic maps of where activity contributes to a given behavior (Pinto et al., 2019; Zatka-Haas et al., 

2021). These experiments identify which regions are necessary, but measure the consequences of 

perturbation only in behavior or at a small number of recording sites. 

Each of these approaches has complementary strengths and limitations. Widefield imaging 

measures activity across cortex but not at spike resolution; electrophysiology resolves spiking but 

samples few sites; optogenetics perturbs specific regions but is typically paired with limited readout. 

However, combining these techniques has been constrained by practical considerations around isolating 

optical channels and genetic strategies.  
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1.3 Trial-to-trial variability in sensory cortex 

Extensive connectivity between cortical regions suggests that each area operates as a node in a 

brainwide network, carrying signals related to its own computations and those of the regions it connects 

to. Under this view, sensory responses depend jointly on the stimulus and on ongoing activity in 

connected regions. Indeed, spike trains produced by sensory cortical neurons in response to repeated 

presentations of identical stimuli can vary substantially from trial to trial (Bair and Koch, 1996; Tolhurst et 

al., 1983). This phenomenon is robust across sensory modalities, species, and recording conditions 

(Cohen and Kohn, 2011; Faisal et al., 2008; Shadlen and Newsome, 1998), and has been observed from 

early descriptions of single-neuron spiking through the era of large-scale population recordings (Siegle 

and Steinmetz, 2026). 

1.3.1 From noise to structured fluctuations 

Variability poses challenges for theories of neural computation, which must address how effective 

information processing occurs despite unreliable neuronal signaling. While spike generation within a 

neuron can be highly reliable (Mainen and Sejnowski, 1995), it remains unclear what proportion of 

variability is attributable to processes at the single-neuron versus network level. For example, spiking 

variability may arise via irreducible sources such as stochastic quantal release from synapses (Fatt and 

Katz, 1952) or other biophysical noise sources (Faisal et al., 2008). Additionally, local network 

mechanisms may give rise to shared chaotic fluctuations (Huang et al., 2019; van Vreeswijk and 

Sompolinsky, 1996) or other types of shared local fluctuations (Ahmadian and Miller, 2021; Renart et al., 

2010), which may drive spiking variability (Pattadkal et al., 2024). Accordingly, neurons in cortical 

networks have been modeled as Poisson spike generators, with super-Poisson components of variability 

shared at the population level (Goris et al., 2014). In some cases, such locally-shared fluctuations may 

constrain the nature and precision of encoded information (Averbeck et al., 2006; Rumyantsev et al., 

2020; Stringer et al., 2019a; Zylberberg et al., 2017). In other circumstances, shared correlations may 

enhance or be unrelated to the information represented in a population (Kohn et al., 2016; Moreno-Bote 

et al., 2014; Ruff and Cohen, 2014).  
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Beyond locally shared fluctuations, behavioral and arousal state contribute substantially to 

cortical variability. Locomotion, pupil dilation, and facial movements modulate firing rates in sensory 

cortex (Martin Vinck et al., 2015; McGinley et al., 2015; Niell and Stryker, 2010), and recent large-scale 

recordings have shown that face- and body-derived behavioral signals predict large fractions of activity 

throughout cortex (Musall et al., 2019; Steinmetz et al., 2019; Stringer et al., 2019b). The brain-wide 

footprint of these signals indicates that a substantial component of trial-to-trial variability in any single 

sensory region reflects ongoing fluctuations in behavioral state shared across many regions. 

However, behavioral signals account for only a subset of this brain-wide shared activity, 

suggesting that other sources remain to be identified. One such source is globally distributed activity: 

patterns shared across many cortical regions. Inter-areal recordings have revealed that activity in one 

region is partly predictable from activity in another, with the predictable component occupying a 

low-dimensional “communication subspace” between the regions (Ebrahimi et al., 2022; MacDowell et al., 

2025; Semedo et al., 2019; Srinath et al., 2021; Steinmetz et al., 2019; Veuthey et al., 2020). Prior work 

has quantified how local activity from visual cortical subregions contributes to single-neuron rate variability 

in primary visual cortex (Akella et al., 2025; Semedo et al., 2019). Whether more globally distributed 

activity patterns account for super-Poisson components of spiking in single neurons, and how their 

contribution compares to that of local and behavioral sources, remains unresolved. Chapter 3 addresses 

this question by partitioning single-neuron V1 variability across local, behavioral, and globally distributed 

sources. 

1.3.2 Approaches to partitioning variability 

​ A range of statistical approaches have been developed to partition trial-to-trial variability 

into shared and private components, each with its own assumptions and scope. 

​ The modulated Poisson framework models single-neuron spiking as Poisson around a 

rate that is itself modulated by a shared latent signal (Ecker et al., 2014; Goris et al., 2014; Lin et al., 

2015; Rabinowitz et al., 2015; Rupasinghe et al., 2026). In this formulation, a multiplicative gain applied 

across the population captures the bulk of super-Poisson variability. These models fit well to data, but the 

latent gain is not attributed to any specific signal. 
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​ Encoding models with externally defined regressors attribute single-neuron activity 

across predictors such as stimulus, choice, and movement. These approaches identify what fraction of 

each neuron’s activity is attributable to each named source and have been applied broadly across cortex 

(Musall et al., 2019; Park et al., 2014; Pillow et al., 2008). However, they typically fit each neuron 

independently and do not capture the low-dimensional structure that is characteristic of cortical 

populations (Cunningham and Yu, 2014; Ecker et al., 2014; Gao and Ganguli, 2015; Rabinowitz et al., 

2015). 

​ Reduced-rank regression extends this approach to the population level, jointly fitting all 

neurons under a shared low-dimensional constraint and decomposing their activity using observed 

predictors (Semedo et al., 2019). Given simultaneous recordings from two regions, the method identifies 

the low-dimensional subspace of source-region activity that best predicts target-region activity, providing a 

measure of inter-areal coupling. Other latent variable approaches recover shared structure from neural 

activity alone, without conditioning on externally specified predictors (Pandarinath et al., 2018; Yu et al., 

2009). Standard formulations of reduced-rank regression, however, assume Gaussian observation noise 

and operate on continuous rate signals, making them less directly applicable to single-trial spike count 

data. 

​ No existing framework has been used to simultaneously handle Poisson spike count 

observations, partition across multiple externally defined predictor sources, and capture low-dimensional 

shared structure across the population. Chapter 3 introduces the Poisson reduced rank-regression 

(p-RRR) framework, developed in collaboration with Z. Lu, to address this gap. Variants of p-RRR have 

previously been applied to other count-based data (Fitzgerald et al., 2022). Chapter 3 develops and 

applies the framework for partitioning neuronal variability. 

1.4 Main objectives 

In this dissertation, we determine whether shared signals between cortical regions reflect direct 

interactions, and the extent to which activity in a single cortical region is shared in distributed neural 

circuits. First, we describe a system designed to measure causal interactions across the brain. The 

system combines widefield imaging, scanning optogenetic manipulation, and high-density 
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electrophysiology in a single preparation (Chapter 2). Using it, we found that inhibiting a cortical area 

changed activity in the opposite hemisphere only near the midline, despite strong correlations between 

homotopic areas. Preliminary work comparing intrinsic timescales measured by autocorrelation and by 

recovery from perturbation suggests a similar divergence within local circuits. Second, we partitioned 

trial-to-trial variability in V1 spike counts across stimulus, behavioral, locally shared, and globally 

distributed sources using a Poisson reduced-rank regression framework (Chapter 3). A low-dimensional 

subspace of activity accounted for most super-Poisson variability, and activity measured elsewhere in 

cortex accounted for more than half of that locally explainable variability. Behavioral measurements 

captured less variability than global signals, and added no further explanatory power when combined with 

them. In Chapter 4, we consider the findings of both chapters together, examine the limitations and 

strengths of perturbation-based and correlational measures, and outline future directions. 

1.5 General methods 

1.5.1 Subjects 

All experimental protocols were approved by the Institutional Animal Care and Use Committee at 

the University of Washington and conducted according to US National Institutes of Health guidelines. 

Experiments were performed on male and female mice singly housed on a 12 hour light/dark 

cycle. For experiments with widefield imaging, multiple GCaMP-expressing genotypes were used: either 

TetO-GCaMP6s;Camk2a-tTa (B6;DBA-Tg(tetO-GCaMP6s)2Niell/J or TetO-GCaMP8s;Camk2a-tTA 

(B6;D2-Tg(tetO-GCaMP8s)1Genie/J crossed with B6.Cg-Tg(Camk2a-tTA)1Mmay/DboJ). Wild-type 

(C57Bl6/J) mice were used for experiments with only electrophysiology. 

1.5.2 Surgeries 

An initial surgery was performed under isoflurane (1-4% in O2). Carprofen (5 mg/kg) and 

lidocaine (2 mg/kg) were administered subcutaneously in the shoulders and over the skull, respectively. 

The skin was cleared to expose the dorsal skull surface, and incision edges were adhered to the skull 

with cyanoacrylate (VetBond, World Precision Instruments) to protect the underlying muscle. The skull 
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was treated with 10% citric acid (Dentin Activator Liquid, Parkell) to improve implant adhesion, then a 

3D-printed recording chamber was secured with dental cement (Metabond, Parkell). Thin layers of 

UV-cured optical adhesive (Norland Optical Adhesive 81, Norland Products) were applied to the exposed 

skull surface within. A 3D-printed titanium headpost (ProtoLabs) was then cemented to the posterior end 

of the chamber and allowed to cure. After surgery, mice were treated with carprofen for two days and 

given at least one week to recover. At least two days before experiments, mice were acclimated to 

handling and head fixation and placed on mild water restriction. 

Before electrophysiological recordings, a brief (~20 min) surgery under light isoflurane (1-2% in 

O2) was performed to open craniotomies (~2 mm in diameter) for probe insertions using a handheld 

dental drill. Exposed dura was sealed with silicone gel (Dow Corning 3-4680 Sil Gel), and the chamber 

covered with a 3D-printed cap to protect the craniotomies. Mice recovered for at least two hours before 

experiments. 

For optogenetics experiments (Matveev et al., 2024), we retro-orbitally injected tetO-GCaMP8s 

mice aged P28-42 with the DLX2.0-ChrimsonR-tdTomato opsin packaged in a PHP.eB serotype AAV. 

Animals were anesthetized with isoflurane (4% in O2) and injected with virus diluted into 100-150 uL of 

PBS. 

1.5.3 Electrophysiology and spike sorting 

Recordings were made with Neuropixels 2.0 electrode arrays (Steinmetz et al., 2021), which have 

384 selectable recording sites across 5120 total sites distributed along four 1 cm shanks. Shanks are 250 

um apart and each have two vertical columns of sites. Recording configuration was across all four 

shanks, and spanning either a depth of 700 um or 1400 um. Probes were mounted to a dovetail rail and 

attached to a steel rod for micromanipulation (Sensapex). Probe trajectories were planned with Pinpoint 

(Birman et al., 2023). For later track localization, probes were coated in DiI (ThermoFisher Vybrant 

V22888) before insertion. In some experiments, probes were inserted through the silicone gel, a saline 

bath was used in others. Probes were lowered to their final positions at approximately 5 μm/s. Recordings 

were made with 30 kHz sampling. In some cases, additional recordings were made at the same locations 

on subsequent days. 
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Spike sorting was performed with Kilosort 2.5 (Steinmetz et al., 2021) or Kilosort 4 (Pachitariu et 

al., 2024) using default parameters. After automatic sorting, units were checked manually in Phy 

(https://github.com/cortex-lab/phy) for any noise artifacts. We then applied a refractory period metric (Roth 

et al., 2026). These metrics passed 29.2% of units relative to initial yield. 

1.5.4 Widefield calcium imaging and optogenetics 

Images were collected with a CMOS camera (Basler acA2440-75m; 17.3 µm/pixel resolution) at a 

true frame rate of 70 Hz, with an effective rate of 35 Hz due to alternating 405 nm and 480 nm excitation 

for hemodynamic correction. Frames were captured at 560 x 560 pixels through a 0.63x objective lens 

(Leica Planapo 0.63x). LED onset and offset were shaped as a 4-ms sine-wave ramp to reduce light 

artifacts in simultaneous Neuropixels recordings. To avoid light contamination from the stimulus screens, 

a 3D-printed black cone was affixed to the top of the recording chamber with Blu-Tack. The top of the 

cone was attached to a piece of light-blocking fabric (ThorLabs) that rested on the top edges of the 

screens. For simultaneous scanning optogenetics experiments, a 638 nm laser (LuxX 638nm-200mW) 

was steered by a two-dimensional galvanometer system (ThorLabs GVS002), with a dichroic filter series 

preventing cross-contamination between imaging and optogenetic wavelengths. Light path details and 

image preprocessing are as described in Chapter 2.2.1. 
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Chapter 2: Cortex-wide measurement and manipulation reveals 

causal organization of cortical dynamics 

2.1 Introduction 

​ A central challenge in systems neuroscience is causally linking behavior to neural activity 

patterns in defined brain regions or cell populations. Correlated activity across regions may reflect 

functional interdependence, such that disrupting one region impairs processing in connected areas. 

Alternatively, correlations may arise from shared inputs or parallel processing streams. Distinguishing 

between these possibilities requires methods that simultaneously measure neural activity across multiple 

regions while selectively manipulating specific areas to directly test causal relationships within distributed 

networks. 

Focal manipulation of one brain region can produce functional effects at distant sites, a 

phenomenon termed “diaschisis” and described over a century ago (von Monakow, 1914). Early studies 

demonstrated that lesions to one hemisphere alter dynamics in the other (Feeney and Baron, 1986), 

implying that the resulting deficit reflects not the lesioned region alone but the distributed network whose 

activity it disrupts (Carrera and Tononi, 2014). Recent large-scale recordings have revealed that neural 

activity patterns are often distributed across brain regions rather than localized to single areas (Manley et 

al., 2024; Musall et al., 2019; Steinmetz et al., 2019; Stringer et al., 2019b; Zatka-Haas et al., 2021). 

Sensory, motor, and cognitive information can be encoded across subcortical and cortical networks 

(Makino et al., 2017; Ottenheimer et al., 2023; Peters et al., 2021). 

​ For decades, lesions and pharmacological manipulations were the key techniques for 

establishing causal contributions of brain regions, but these have significant limitations in their temporal 

resolution and targeting precision (Martin and Ghez, 1999; Vaidya et al., 2019). Optogenetics now 

provides a method for fast-timescale, spatially precise, and cell-type specific manipulations (Boyden et al., 

2005; Luo et al., 2008). However, linking effects of manipulations directly to behavioral outcomes, while 

powerful, has proven to be misleading in some cases (Otchy et al., 2015). Indeed, any manipulation likely 

produces diverse and far-ranging effects on activity around the brain (Kim et al., 2023; Logothetis et al., 
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2010), effects that may vary from trial-to-trial. The ability to simultaneously read and perturb activity 

patterns could overcome this challenge in two ways. First, we could directly observe the outcome of the 

manipulation on each trial, and thus link the specific stimulus-induced changes of brain activity to the 

behavioral outcomes. Second, we could design closed-loop control algorithms to reliably achieve desired 

manipulation patterns on each trial (Shenoy and Carmena, 2014). 

​ “Widefield” imaging, which uses a low-magnification, large field-of-view microscope and 

single-photon imaging of intrinsic signals or fluorescent reporters, has been used for decades to measure 

neural activity across large areas of cortex (Grinvald et al., 1986; Orbach et al., 1985). In recent years, 

application of this approach to mice has yielded imaging of all dorsal cortical areas, at finer temporal 

resolution than intrinsic signal imaging (Vanni and Murphy, 2014; Wekselblatt et al., 2016). Key 

advantages of the mouse model include thin skulls that permit transcranial imaging and the availability of 

transgenic lines with brain-wide expression of high signal-to-noise calcium sensors. This mesoscale 

imaging approach has been used to study the relationship of cortical dynamics to perception, action, and 

cognition (Allen et al., 2017; Couto et al., 2021; Makino et al., 2017; Musall et al., 2019; Zatka-Haas et al., 

2021). In parallel, the same characteristics of mice (transparent skulls and transgenic suitability) have 

enabled the application of optogenetics across cortical areas (Ambrosone et al., 2025; Guo et al., 2014; 

Kim et al., 2023; Kochalka et al., 2026; Pinto et al., 2019; Zatka-Haas et al., 2021). These experiments 

typically use a similar preparation, expressing an excitatory opsin in inhibitory neurons to suppress 

cortical activity around the stimulated region (Atallah et al., 2012; Li et al., 2019). Moreover, it is possible 

to combine electrophysiology with both widefield imaging (Clancy et al., 2019; Peters et al., 2021; Xiao et 

al., 2017) and with transcranial optogenetics (Zatka-Haas et al., 2021). Therefore, we hypothesized that 

with a suitable genetic strategy and microscope design, it would be possible to combine all three 

techniques in a single experiment.  

​ Here we introduce a microscope design and genetic strategy for simultaneously 

measuring and manipulating brain activity across the whole dorsal cortical surface in awake, head-fixed 

mice using single photon widefield calcium imaging and optogenetics. We show that precise, graded 

measurement and manipulation are simultaneously possible with this strategy, and the measurement and 

manipulation spectra do not interfere. Additionally, this technique can be used many times within a single 

19 



subject with repeatable results over at least 52 weeks. High temporal and spatial precision allows for 

complex stimulation patterns, including simultaneous multi-target manipulation and generation of traveling 

waves. Using these techniques in tandem with electrophysiological recordings, we demonstrate a 

three-modality experiment with multi-timescale and whole-brain access. We employed our approach to 

characterize the relationship between the optogenetic stimulation paradigm, widefield imaging, and the 

underlying single-neuron spiking activity in cortex and subcortex. We identified striking discrepancies 

between correlational and causal coupling of cortical regions. This approach enables systematic 

brain-wide measurement of cortical perturbation effects on mesoscale neural dynamics.  
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2.2 Methods 

2.2.1 Microscope design 

We designed the microscope to have a single shared light path to the brain, with a triple-dichroic 

setup (see Figure S2.1 for to-scale diagram). The GCaMP excitation light path involved blue (470 nm) 

and violet (405 nm) LEDs combined with a 425 nm dichroic mirror and coupled into a liquid-core light 

guide (Cairn OptoLED system). The blue/violet excitation light was introduced to the central light path at a 

right angle and reflected off a 495 nm dichroic mirror downward towards the 0.63x objective lens and 

brain. The green GCaMP emission light passed through the 495 nm dichroic mirror and reflected off a 580 

nm dichroic mirror to exit the central light path at a right angle towards the 1x condenser lens and camera. 

The red light for optogenetic excitation was produced by a 638 nm diode laser coupled to a Ø50 μm, 0.22 

NA fiber patch cable. In some experiments, a 594 nm diode laser coupled to a Ø100 μm, 0.22 NA fiber 

patch cable was used for optogenetic excitation. The fiber output was collimated and coupled into a 

two-dimensional galvanometer mirror system to steer the beam downwards from the top of the central 

light path. This light passed through scan and tube lenses with long focal lengths such that the red light 

could travel through the long central chamber housing the 580 and 495 nm dichroics before being 

focused on the brain by the objective lens. 

An alternative strategy to introduce the red laser light could have been by a separate light path 

with a separate objective lens, for example angled toward the brain from above and to the side of the 

subject. This system would have been simpler in the sense of avoiding the need to develop a way to 

couple the red light into the same light path as the imaging. However, our approach has several 

advantages: 1) There are no extra parts around the microscope relative to a standalone widefield 

microscope, preserving as much space as possible for combining the imaging and stimulation with 

electrophysiology; 2) The laser light naturally has access to the same field of view as the microscope and 

does not require a perspective transformation to map galvanometer voltages to coordinates on the 

surface of the brain. 3) The surface of the brain is as close to the focal plane of the laser as possible - if 

the light were introduced at a tilt from the side, the laser would be differently in focus at different points on 

the skull. 
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2.2.2 Genetic strategy 

We used double-transgenic mice obtained by crossing CaMKII-tTA 

(B6.Cg-Tg(Camk2a-tTA)1Mmay/DboJ; Jax #007004) with either tetO-GCaMP6s 

(B6;DBA-Tg(tetO-GCaMP6s)2Niell/J; Jax #024742) or tetO-jGCaMP8s mice 

(B6;D2-Tg(tetO-GCaMP8s)1Genie/J; Jax #037717, provided by M. Pachitariu;  (Wang et al., 2023)). To 

express the opsin, we retro-orbitally injected mice aged P28-42 with the DLX2.0-ChrimsonR-tdTomato 

opsin packaged in a PHP.eB serotype AAV. The ChrimsonR particles were produced from 

pAAV-Syn-ChrimsonR-tdT (Addgene #59171). 

2.2.3 Optogenetic experiments 

Laser stimulus design. Experiments in Figures 2.1, 2.2F-G, and 2.S5 used a 100 ms step function laser 

stimulus. The onset and offset of the laser ramped in power in a sinusoidal shape over 1 ms. For 

experiments with longer stimulus durations using a sine wave laser stimulus (Fig. 2.2C-E), the waveform 

was adjusted such that the trough was zero and the peak was twice the target power (such that the mean 

power over time matched the target power). In order to avoid unintended calcium activity from the sound 

of the galvanometers moving, we added a uniformly random 100-800 ms delay between the movement of 

the galvanometers and the laser stimulus onset. Laser power and galvo position were controlled via 

analog output from a NI DAQ (National Instruments USB6343). For the experiment testing 

low-wavelength activation of Chrimson by the imaging LEDs (Fig. 2.1G), stimuli were 1-second bursts of 

the alternating 470 nm and 405 nm LEDs, mimicking the standard widefield imaging protocol. The LEDs 

were set to their maximum power output. 

For simultaneous multi-target experiments (Fig. 2.3A, B), the galvos alternated between two positions 

every 12.5 ms using a half-cosine drive, giving a 25 ms cycle (40 Hz alternation). At each target, the 

galvos paused for approximately 7 ms, during which the laser was activated for 5 ms. Each stimulus 

consisted of 160 pulses over 2 seconds.  

For rotating wave generation experiments (Fig. 2.3C, D), the galvos scanned continuously around a circle 

of 1.5 mm radius at a constant angular velocity, with the laser held at constant power throughout the scan. 

Each stimulus consisted of four complete rotations of 250 ms each (a 4 Hz rotation frequency), for a total 
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stimulus duration of one second. The scan direction was set to either clockwise or counterclockwise, 

randomized across trials. The inter-trial interval was 4.3 ± 0.4 s (mean ± standard deviation). 

For cortex-wide mapping experiments (Fig. 2.4, 2.5, 2.6), there were 52 laser targets spaced 1 mm apart. 

Briefly, the galvos steered to a random target, and the laser waited a random 15-40 ms before ramping to 

stimulation power. Laser duration was 25 ms, and the inter-trial interval was 470 ± 145 ms (mean ± 

standard deviation). 

Laser and imaging LED calibrations. In order to measure laser power, we used a light meter (Thorlabs 

PM100D with S130C) placed in the sample plane to record power in milliwatts. We made measurements 

in 0.1 V steps along the voltage modulation range (0-5 V) of the laser. The relationship between input 

voltage and measured power was linear, and consistent across sessions. To compute laser intensity 

(power per area), we measured the beam diameter using a mirror positioned at the sample plane. The 

beam power, when reflected by this mirror, is high enough that the small portion reflected by the 550 nm 

longpass dichroic is detectable on the camera. During in vivo imaging, the skull preparation does not 

reflect enough laser power to be detected. We computed the LED intensity for blue and violet imaging 

using the area of the photodiode sensor (Thorlabs S130C), which has a diameter of 9.5 mm (area of 70.8 

mm2).  

 

2.2.4 Analysis 

Duration and spatial extent of inhibition in widefield. We computed the duration of significant 

inhibition (as in Fig. 2.2C-E) via a threshold determined from a null distribution. The null distribution 

consisted of calcium activity at baseline (1000 ms before stimulus onset), and the threshold was 

mean-2*S.D of the distribution. To determine the spatial extent of activation (as in Fig. 2.2F-G, 2.3C-D), 

we computed the dF/F map shortly after laser onset. The inactivated area was taken as the contiguous 

region in which suppression reached at least 70% of the peak pixel. Areas were converted to mm2 using 

the measured resolution (17.3 μm/pixel, Fig. 2.S2) 

For visual response experiments (Fig. 2.S5), we averaged across a 519 x 519 μm (30 x 30 pixels) 

region of interest to match the spatial extent of the laser-evoked visual response. 
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Identifying enhanced and suppressed units. To classify units, we compared each unit's mean 

firing rate in a 100 ms window before laser onset with its mean firing rate in a post-onset response 

window, using a paired t-test across trials at the highest laser power delivered to the stimulation site. The 

response window was matched to the stimulus duration, with a 50 ms minimum (50-100 ms across 

sessions). Units with p < 0.05 were classified as Enhanced or Suppressed according to the sign of the 

firing-rate change (response - baseline); units with p ≥ 0.05 were classified as non-significant. 

Enhanced and suppressed area of effect in electrophysiology. We quantified the spatial extent of 

each effect with an intensity-weighted effective radius metric. First, we computed the center of mass with 

the magnitude of effect as weights. The root-mean-square (RMS) radius was then computed as the 

square root of the intensity-weighted average of squared distances from the center of mass. The effective 

diameter was defined as 2*RMS. We used bootstrapping to determine the 95% confidence intervals.  

Rotating traveling waves. We visualized the phase of traveling waves by bandpass filtering the 

widefield data between 2-8 Hz and performing a Hilbert transform (Ye et al., 2026). 

Cortical grid stimulation maps. We performed principal component analysis on each neuron’s 

mean firing rate across laser targets, i.e. [n_positions x n_timepoints], binned at 5 ms and averaged over 

trials at the highest laser power delivered. Neurons with no response variance were not analyzed. PCA 

was applied with per-stimulus time points as samples and laser targets as features, so that each principal 

component decomposes into a temporal profile (timecourse of response) and a spatial loading across 

targets (spatial profile of response). We defined each neuron’s causal map as the PC1 loading scaled by 

the peak-to-peak amplitude of the PC1 temporal profile. Maps were maximum-normalized for display.  To 

test how well one component summarizes the response, we split each target’s trials randomly into two 

equal halves and averaged within reach. A rank-k reconstruction fitted to one half was used to predict the 

other over 50 random splits. Reproducibility was quantified as the fraction of held-out variance (R2) 

shared between the two halves. Cross-validated R2 at a single component was 92% for responsive 

cortical neurons and 74% for responsive thalamic neurons. Causal maps computed independently from 

each half correlated at a median r=0.90 and r=0.93, respectively. 

Spontaneous widefield correlation maps. We quantified each unit’s coupling to widefield cortical 

activity during spontaneous epochs (~30 min total). Widefield activity was averaged within a 20 x 20 px 
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region of interest at each cortical location (matched to the grid stimulation protocol). Each unit’s spike 

train was binned at 5 ms and resampled to the widefield frame times by linear interpolation, then both 

series were z-scored across time. The correlation map was defined as the zero-lag Pearson correlation 

between the unit’s binned firing rate and the widefield activity at each location. For the population 

summary, correlations were computed at full pixel resolution. Maps were maximum-normalized for display. 

Spike-triggered activity maps. To separate each unit’s specific coupling from its participation in 

cortex-wide activity, we computed the same correlation with the global signal removed (Clancy et al., 

2019). The global signal was the mean widefield timecourse across the imaged field. For each location 

we took the first-order partial correlation between the unit’s binned firing rate and the widefield activity, 

controlling for the global signal. Locations were disks of radius 8 px, centered on each of the 

photostimulation targets for the per-unit maps, and single pixels for the population summary. Maps were 

maximum-normalized for display. 

Predicting target regions from contralateral activity. We fit a separate ridge regression 

(alpha=100) from each contralateral ROI to the target ROI on spontaneous frames, and tested on 

held-out data. We then applied the same fitted weights to the optogenetically evoked change. 

Correlational and causal networks. A correlational edge was drawn between two ROIs when their 

mean correlation across spontaneous sessions exceeded 0.85. A causal edge was drawn from a 

stimulation target to an ROI where the per-trial evoked change was suppressed relative to zero 

(one-sample t-test). 

2.3 Results: System characterization 

We first characterized the optical performance of the system. Imaging resolution was 17.3 

µm/pixel at 70 frames per second (35 frames per second after hemodynamic correction, see Chapter 

2.2.1), over a field of view of up to 14.2 x 11.8 mm (820 x 685 pixels after 3 x 3 binning; Supplemental 

Figure S2.1A). The laser spot was 0.12 mm in diameter and delivered 0.1-4.0 mW (~10-350 mW/mm2; 

Fig. S2.2C), and could be steered over a 10 x 12 mm range in the medial-lateral and anterior-posterior 

axes, respectively (Fig. S2.2B). The working distance of 7.5 cm left sufficient space to insert recording 

electrodes between the objective lens and the skull.  
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2.3.1 Validation with simultaneous imaging, electrophysiology, and optogenetic 

stimulation 

Electrophysiological recordings confirmed that red-light delivery suppressed most local neurons 

while enhancing the activity in a small subset. We recorded cortical neurons with Neuropixels 2.0 probes 

(Steinmetz et al., 2021) (n=3 sessions, n=2 subjects, n=1019 total neurons, 339±11 neurons per session; 

Fig. S2.4). To minimize light artifacts from both imaging and stimulation light sources, LED and laser 

onsets and offsets were ramped over short periods (see Methods). On average, 3.1±0.7% of neurons 

showed enhanced firing rates within 5 ms of laser onset, presumably corresponding to opsin-expression 

inhibitory neurons (“Enhanced” neurons, Fig. 1C-E). These neurons are not observed in widefield 

imaging, as the GCaMP expression is restricted to excitatory neurons. Suppression of activity in other 

neurons began within 10.6±0.5 ms and persisted up to 129±3 ms for a 100 ms laser stimulus. At 

sufficiently high power (0.8 mW), the laser suppressed local spiking activity by 62±7% (Fig. 2.1C-D), with 

48% of recorded neurons significantly suppressed (“Suppressed” neurons; paired t-test,100 ms pre- 

versus post-onset, n=30 trials; Fig. 2.1C). Direct Chrimson activation was spatially restricted, with 

opsin-expressing neurons responding within 664 μm of the laser target (95% CI: 564-780 μm; Fig. 2.1F, 

left). However, downstream suppression extended up to 1168 μm (95% CI: 1029-1327 μm; Figure 2.1F, 

right).  

Widefield imaging reliably detected laser-evoked suppression of activity across cortical regions 

and subjects. Consistent with the rapid suppression measured in electrophysiology, inhibition was 

observed in widefield imaging within one frame from laser onset (~29 ms, Fig. 2.1G). The magnitude of 

inhibition scaled with laser power and was strongly correlated between electrophysiology and widefield 

imaging (Fig. 2.1H, Pearson’s r, r= 0.95, p<1e-2). Inhibitory responses were consistent across multiple 

target laser locations on the dorsal cortical surface (Fig. 2.1I). Reliable simultaneous calcium imaging and 

optogenetic manipulation was achieved in all seven opsin-expressing mice (Fig. 2.1J, Table 1). 

The widefield imaging and optogenetic manipulation light channels were spectrally separate. In 

principle, this strategy could be reversed using a red-shifted calcium sensor (Dana et al., 2016) with a 

blue-shifted opsin (Boyden et al., 2005; Klapoetke et al., 2014); however, red-shifted calcium indicators 

have substantially lower signal-to-noise ratio than GCaMP (Dana et al., 2016), and fewer transgenic lines 
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are available. A potential concern with our strategy is that red-shifted opsins have weak short-wavelength 

sensitivity (Klapoetke et al., 2014), but this did not create a confound in practice. We found no response 

from opsin-expressing neurons when blue and violet imaging LEDs were present without laser stimulation 

(Fig. 2.1K, n=130 trials). This is likely due to the low light levels needed to obtain high signal-to-noise 

ratios in widefield imaging (0.012 mW/mm2 for blue; 0.019 mW/mm2 for violet, compared to 15.9 mW/mm2 

for laser stimulation at the power for minimum detectable response). A 580 nm longpass dichroic placed 

before the imaging camera prevented red light from contaminating the imaging channel. In control 

subjects without the Chrimson opsin, laser stimulation produced no excitatory or inhibitory effects (Fig. 

2.1L, right). However, at higher laser powers, anterior laser stimulation elicited off-target visual responses, 

presumably via retinal photoreceptor activation (Fig. 2.S5). Prior work has shown that this effect might be 

reduced with retinal adaptation or shorter-wavelength laser stimulation (Danskin et al., 2015; Weiler et al., 

2024). 

Figure 2.1. Simultaneous mesoscopic cortical measurement and manipulation via 
combined widefield imaging, optogenetics, and electrophysiology. 

A. Schematic of the microscope optical path (not to scale). Blue and violet LEDs provide 
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excitation for calcium imaging; emitted fluorescence is directed to the camera. A red laser is steered by 
galvanometers through the shared path through the brain. B. Top, schematic of mouse experimental 
setup. Bottom, example mean frame from widefield imaging. C. Single-neuron firing rate responses to 
laser stimulation (n=30 trials, example session). Units are categorized by significance and direction of 
laser response (paired t-test between pre- and post-stimulus spike counts, p<0.05 per unit): enhanced 
(red), suppressed (blue), and non-significant (gray). D. Mean firing rate timecourse for each category in 
C. Shaded regions indicate s.e.m. across units. Red bar indicates laser stimulus. E. Trial-aligned spike 
rasters for an example enhanced unit (left) and an example suppressed unit (right). F. Spatial profile of 
laser effect on enhanced units (left) and suppressed units (right), showing change in firing rate as a 
function of distance from laser target ( n=40 trials, example session). Color indicates mean change in 
spike rate. G. Timecourse of inactivation measured with electrophysiology (top) and widefield calcium 
imaging imaging (bottom) at varying laser powers (colored traces). Lines indicate mean; shaded 
regions indicate s.e.m. across trials (n=30 trials, example session). Red bar indicates laser stimulus. H. 
Magnitude of inactivation measured by widefield imaging (y-axis, standard deviations of deconvolved 
signal) versus electrophysiology (x-axis, spikes/s) across laser powers. Each point represents one 
power. Pearson’s r = 0.95. I. Mean dF/F images of calcium response at 110 ms after stimulus onset for 
different laser target locations. Red dot indicates laser target in each panel. J. Deconvolved calcium 
timecourse in response to 0.6 mW stimulation across six subjects (one example session per subject; 
bottom to top: Subject C1, n=26 trials; Subject C2, n=40 trials; Subject C3, n=50 trials, Subject C4, 
n=40 trials, Subject C5, n=45 trials, Subject C6, n=30 trials; example session per subject). Lines 
indicate mean; shaded regions indicate s.e.m. across trials. Red bar indicates laser stimulus. K. Top, 
spike rasters of example enhanced units in response to 638 nm laser (left, n=50 trials) and 405/470 nm 
imaging LEDs (right, n=130 trials). Bottom, mean peri-stimulus time histogram averaged across all 
enhanced units (n=9 units, one session). Wilcoxon signed-rank test between baseline and stimulus 
period, p<1e-5 for laser, p=0.9 for LED). L. Left, mean dF/F images 30 ms before (top) and 110 ms 
after (middle) laser onset in an opsin-expressing subject (n=45 trials), and deconvolved calcium 
timecourse across laser powers (bottom; lines indicate mean, shaded regions indicate s.e.m. across 
trials). Right, same as left for a control subject expressing GCaMP only (n=30 trials). Red dot indicates 
laser target. 

2.3.2 Long-term, high-resolution optogenetic manipulation with flexible spatial control 

The effect of optogenetic stimulation was consistent within subjects over many weeks (Figure 

2.2A, B), with stable inactivation magnitudes observed up to 52 weeks after injection. In the first subject 

(Subject C1, not shown), the opsin could no longer be driven at 52 weeks after injection, though 

standardized quantitative data were not collected. In subsequent subjects, we reduced the viral titer to 

avoid such stability issues and implemented a repeated test over weeks. There was no quantitative 

decline in opsin performance for these subjects.  

The laser stimulus could be controlled to produce different temporal and spatial patterns of 

inactivation. We reliably controlled the duration of cortical inactivation using a 40 Hz sinusoidal stimulus 

(Figure 2.2C, D). The sinusoidal light waveform reduced adaptation of photosensitive ion channels 

relative to constant-amplitude stimulation (Li et al., 2019), producing stable steady-state inactivation over 

seconds (Figure 2.2D). The duration of inactivation scaled linearly with stimulus duration (slope=0.94, 
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p<1e-5; Figure 2.2E). We also observed that higher laser powers produced a larger area of significant 

inactivation (Figure 2.2F, G). This effect is likely mediated by stronger synaptic effects at higher laser 

powers (rather than increased laser scattering, see Figure 2.1F).  

 

Figure 2.2. Temporal and spatial resolution of optogenetic manipulation.  
A. Calcium response to laser (130 ms after laser onset) as a function of weeks from injection. 

B. Example imaging field of view and spatiotemporal laser response, 41 weeks apart, from Subject C2. 
C. Deconvolved calcium responses to two example stimulus durations for an example session (solid 
line, mean; shaded region, S.E.M. across trials; n=35 trials, 0.7 mW laser power). Red line indicates 
laser stimulus shape and duration. Bracket indicates time of significant suppression (p<0.05 based on a 
null distribution of baseline activity, see Chapter 2.2.4). D. Deconvolved calcium responses for all 
stimulus duration conditions. E. Inactivation duration (observed in widefield, significance test as in C) as 
a function of stimulus duration (n=2 subjects, n=180 trials per condition per subject, 0.7 mW laser 
power). F. Top, example images of calcium activity in response to different laser powers (example 
session, n=40 trials per condition, 110 ms after laser onset). Bottom, masked images showing 
significantly inactivated area (contour where suppression reached at least 70% of maximum, see 
Chapter 2.2.4). G. Average cortical inactivation area as a function of laser power across subjects 
(n=120 trials per condition per subject). Black line indicates mean and S.E.M. across all trials. ​
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The scanning galvanometers and laser power were controllable with sufficient speed and 

precision to design a wide range of custom stimuli. We inactivated two target areas simultaneously by 

rapidly scanning the galvos between targets, pausing approximately 7 ms at each target (Fig. 2.3A). The 

laser was activated for 5 ms during each pause and turned off during galvo scanning. Using this 

approach, we simultaneously inhibited both left and right somatosensory cortices (Fig. 2.3B). We also 

designed stimuli to elicit complex spatiotemporal patterns, such as traveling rotating waves (Ye et al., 

2026), by scanning the laser in a circular pattern (Fig. 2.3C). Rotating waves were generated with 

direction and center positions matching the designed laser stimulus (Fig. 2.3D). 

Figure 2.3: Flexible spatiotemporal control of neural activity 
A. Schematic of hardware control for simultaneous multi-target optogenetic manipulation. Top, galvos 
move rapidly between two target spots, with 6 ms drive time between targets and pausing 7 ms at each 
target. Bottom, laser pulses are delivered for 5 ms while the galvos are paused at each target. B. Top 
left, calcium activity response to multi-target inhibition. Top right, calcium activity response to 
single-target inhibition. Bottom, timecourses of deconvolved calcium responses during multi-target 
inhibition. C. Rotating wave generation via optogenetic inhibition. Red dashed circles indicate laser 
path; black dashed box indicate ROIs plotted in D. Contours indicate significantly inhibited areas 
(2*s.t.d. below baseline), colored by time during laser rotation cycle (n=4 cycles per trial, n=50 trials). D. 
Top, example frames from calcium imaging and phasemaps during clockwise rotating wave generation. 
Bottom, as top but for counterclockwise stimuli. Circles indicate laser path, dots indicate laser position 
during frame. Frames are averaged across cycles.​
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2.3.3 Compatibility with subcortical electrophysiology 

Cortical optogenetic manipulation also affected subcortical areas beyond the reach of widefield 

imaging. To measure these effects, we designed an experiment combining optogenetic inhibition at 52 

cortical targets (Guo et al., 2014; Zatka-Haas et al., 2021) and thalamic recording with a Neuropixels 

probe. Principal component analysis on each neuron’s mean firing rate across targets (Fig. 2.4B) 

revealed the primary temporal response to stimulation (Fig. 2.4C, top) and its spatial distribution across 

cortex (Fig. 2.4C, bottom). The top component captured 74% of the reproducible variance in the 

trial-averaged response (n=31 thalamic units). Clustering of these responses identified diverse temporal 

properties (Fig. 2.4D). The timescale of response, defined as the interval from inhibitory response to 

excitatory rebound, was bimodally distributed with respect to recording depth (Fig. 2.4E). Dorsal neurons 

had shorter timescales (93 ± 3 ms, median ± median absolute deviation; n=30 neurons), while ventral 

neurons had longer timescales (175 ± 10 ms, median ± median absolute deviation; n=17 neurons). We fit 

a Gaussian mixture model to estimate category boundaries. Spatial response profiles were more 

distributed and heterogeneous across neurons (Fig. 2.4F). Together, these results demonstrate the ability 

to measure detailed temporal and spatial features of causal cortico-subcortical relationships at 

single-neuron resolution.​  
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Figure 2.4: Causal connectivity between cortex and thalamus 
A. Top, schematic of cortical imaging and optogenetic manipulation targets (left) and subcortical 
electrophysiology (right). Bottom, heatmap of electrophysiology data. B. Example subcortical neuron 
response to cortical inhibition at different targets. C. Top, first principal component of optogenetic 
response for example neuron in B. Bottom, weight on PC1 across cortical inhibition targets. D. 
Heatmap of PC1s for thalamic neurons. Neurons are sorted by response similarity via Rastermap. E. 
Timescale of neuron responses to optogenetic stimulation as a function of depth. Ellipses show 
boundaries (two standard deviations from mean) of clusters found by Gaussian mixture model. Insets 
show PC1s from two example neurons, indicated by color. Gray shading in the inset indicates timescale 
value plotted for the main panel (y-axis). F. Spatial distribution of weight on PC1 for nine example 
thalamic neurons.​
 

2.4 Results: Causal vs. correlational connectivity across scales 

Optogenetic mapping revealed cortical coupling structure not identifiable from imaging alone. We 

recorded well-isolated cortical units (Fig. 2.5A, B) during simultaneous widefield imaging and cortex-wide 

optogenetic perturbation. Although spiking was highly correlated with multiple sites in the widefield 

imaging, the spatial range of the optogenetic perturbation was more limited (Fig. 2.5C-E). We compared 

three measures of spatial coupling between single neurons and global cortical activity. The correlation 

map was the Pearson correlation between binned spiking and the calcium activity at each pixel. The 

spike-triggered activity map was the mean calcium activity surrounding each spike, computed as a partial 
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correlation to remove the shared cortex-wide signal (Clancy et al., 2019). For the example unit, correlation 

and spike-triggered maps were high across most of the target grid, while the causal map was confined to 

a small number of adjacent targets (Fig. 2.5F). Across the recorded population, the causal map had a 

localized, unilateral peak, while the correlation and spike-triggered maps were broader and bilateral (Fig. 

2.5G). Our data suggest that correlational and spike-triggered coupling reflect a unit’s participation in 

distributed cortical activity rather than the sources of causal influence on its firing, although the 

perturbation may constrain which forms of influence are detectable (Chapter 2.6.3). 

Figure 2.5: Three-modality experiment reveals correlational and causal connectivity at 
single-neuron resolution 
A. Left, schematic of the cortical optogenetic stimulation targets. Right, schematic of Neuropixels 
recording during simultaneous widefield imaging and cortex-wide stimulation. B. Spike waveforms (left, 
200 randomly selected spikes) and autocorrelogram (right) for an example single unit. C. Stimulation 
target grid with two example targets highlighted (purple, ML -1.5 mm; orange, ML +2.5 mm; AP +0 mm 
from bregma). D. Spike times of the unit in B (black) with simultaneous widefield activity from ROIs 
centered on the two locations in C. Values indicate the Pearson correlation between binned spiking and 
the widefield timecourse. E. Spike rasters of the unit in B aligned to laser onset at each of the two 
targets in C (n=50 trials per target). Red bar indicates laser stimulus. F. Causal, correlation, and 
spike-triggered activity maps for the unit in B, evaluated at each of the 52 target locations. Each map is 
normalized to its maximum absolute value. Circled positions indicate the two locations in C. G. Number 
of units whose causal (left), correlation (middle), and spike-triggered activity (right) map exceeded 70% 
of its peak at each pixel (n=41 units, one session, one subject). 
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Figure 2.6: Cortical networks are ipsilaterally dominant 
A. Correlation maps between target areas (black circles) and other cortical regions. B. Cross-validated 
R2 scores of target areas (x markers) from contralateral predictors, trained and tested on spontaneous 
activity. C. Cross-validated R2 scores of target areas (x markers), using model trained in B, tested on 
data with direct perturbations (time of perturbation response, 50-200 ms after stimulus onset). D. 
Measured and predicted timeseries of activity from target regions in C. E. Top, network graph based on 
correlations between regions. An edge is drawn if the correlation is greater than 0.85. Bottom, network 
graph based on causal perturbation. An edge is drawn if there is significant response to optogenetic 
stimulation at the node location. Colors indicate distance from midline. 
 

A discrepancy between correlational and causal coupling was also present at the population 

level. Homotopic cortical areas exhibited strongly correlated spontaneous activity (Fig. 2.6A). These 

bilateral correlations could reflect the influence of direct cross-hemispheric projections or of shared 

upstream inputs (Oh et al., 2014; Shimaoka et al., 2019). To test this, we probed causal coupling with 

cortex-wide optogenetic manipulation, and found that perturbations were not reflected bilaterally except 
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near the midline. We quantified this by fitting a linear regression model to predict activity in a target region 

from spontaneous contralateral activity. The model performed well on held-out spontaneous data (Fig. 

2.6B) but failed to predict optogenetically driven changes (Fig. 2.6C, D). Thus, correlational coupling 

between hemispheres appears strong (Fig. 2.6E, top), but causal coupling is predominantly local (Fig. 

2.6E, bottom). 

2.5 Preliminary results: Intrinsic timescales of cortical areas 

​ Prior work has found that “intrinsic” timescales, estimated from the width of the 

spontaneous activity autocorrelation, increase across the cortical hierarchy, from primary sensory areas to 

frontal and association areas (Murray et al., 2014; Song et al., 2024; Zeraati et al., 2026). One 

interpretation of this is that cognitive functions requiring persistent activity, such as sensorimotor 

integration or working memory, depend on slower local circuit dynamics. However, an autocorrelation 

measured from spontaneous activity reflects both the intrinsic properties of the local network and the 

timescales of its inputs. Distinguishing these contributions requires a measurement that isolates the local 

circuit.  

 

Figure 2.7: Hierarchy of intrinsic timescales in mouse cortex 
A. Left, autocorrelogram of spontaneous calcium widefield activity at location indicated in cyan. 

Tau indicates time constant of exponential fit to autocorrelogram decay. Right, map of cortical locations 
colored by time constant of exponential fit. B. Left, timecourse of calcium activity recovery (blue) after 
brief optogenetic ping (red bar), and corresponding exponential recovery fit (orange). Right, map of 
cortical locations colored by time constant of exponential fit. C. Time constant measured by 
autocorrelation versus time constant measured by response recovery.  

 

We addressed this by comparing two estimates of timescale in the same cortical areas: a 

correlational estimate from spontaneous activity, and a causal estimate from the recovery of activity 

following a brief local perturbation. We measured spontaneous activity and optogenetic responses at 52 
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cortical areas with simultaneous widefield calcium imaging and scanning optogenetics. The correlational 

timescale, defined as the autocorrelation width of the spontaneous calcium signal at each area (Song et 

al., 2024), varied systematically across cortex (Fig. 2.7A). Consistent with prior work, the shortest 

timescales were in sensory regions (e.g. VISp) and the longest were in frontal and association regions 

(e.g. MOs, RSP). In principle, this pattern may arise from the local circuit properties in each area, or 

instead from differences in the timescales of the inputs each area receives. To estimate the timescale of 

the local circuit directly, we measured the recovery latency of each area following a brief 

optogenetically-driven pulse, defined as the time constant of an exponential fit to the activity recovery to 

baseline (Fig 2.7B). Surprisingly, the causal timescale showed the opposite spatial pattern: sensory 

regions recovered more slowly than frontal and association regions (Fig. 2.7C). Across areas, 

correlational and causal timescales were negatively correlated. The divergence between the two 

measures indicates that the hierarchy of intrinsic timescales measured from spontaneous activity does 

not reflect a corresponding hierarchy of local circuit dynamics. Slow spontaneous fluctuations in frontal 

and association areas are therefore more consistent with slow input to those areas than with slow local 

recurrent dynamics. 

2.6 Discussion 

2.6.1 Summary of findings 

Here we developed a system for simultaneous mesoscopic measurement and manipulation of 

mouse cortical activity in combination with large-scale electrophysiology. We observed reliable 

inactivation of neural populations across the dorsal cortical surface in awake mice, with these effects in 

both the widefield calcium imaging and electrophysiological recordings. The spectra of the two modalities 

were effectively separable: the blue and violet lights used for fluorescence imaging did not activate the 

opsin, and the red light used to drive the opsin did not interfere with the green imaging channel. The 

inactivation magnitude depended on both laser intensity and laser stimulus duration; higher laser 

intensities caused larger spatial inactivation across the cortex. The viral strategy remained stable over 

many weeks within mice, and though the magnitude of inactivation by laser power varied across subjects, 
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the slope of the relationship between laser power and inactivation magnitude was similar. We measured 

causal cortico-subcortical interactions at single-neuron resolution, resolving the temporal and spatial 

structure of thalamic responses to inactivation of specific cortical targets. Finally, we compared 

correlational coupling, estimated from spontaneous calcium activity, with causal coupling, estimated from 

responses to optogenetic perturbation, and found that the two could diverge in single units. At the 

population scale, homotopic cortical areas were strongly correlated during spontaneous activity, yet 

perturbations propagated largely ipsilaterally. 

2.6.2 System characteristics and limitations 

We designed the system to be cost-effective and compatible with widely available genetic tools. 

For beam steering, digital micromirror devices (DMDs) are an alternative approach to the galvo-targeted 

stimulation used here (Kim et al., 2023; Kochalka et al., 2026). Whereas DMD-based patterning requires 

a multi-watt source to compensate for distributing light across the full micromirror array, galvanometer 

steering concentrates the beam into a single focal spot, allowing a significantly lower-power laser to 

achieve equivalent intensities. An advantage of DMD is the ability to design arbitrary spatial patterns. 

However, the speed of the galvo system allows for pseudo-simultaneous targeting at multiple spots 

(Figure 2.3A). For imaging, a red-shifted calcium sensor (Dana et al., 2016) could be used instead of 

GCaMP, paired with a blue-shifted opsin (Boyden et al., 2005; Klapoetke et al., 2014). However, 

red-shifted calcium indicators have substantially lower signal-to-noise ratio than GCaMP (Dana et al., 

2016), and fewer transgenic lines are available.  

This system is constrained to head-fixed mice, rather than freely moving and naturally behaving 

subjects. Though head-mounted widefield imaging microscopes have been developed (Rynes et al., 

2021; Scott et al., 2018), additional modifications of those systems would be necessary to incorporate 

targetable, precise stimulation for optogenetic control. Furthermore, combining electrophysiological 

measurements, as we have demonstrated here, may be challenging. The present system is compatible 

with the large range of behaviors that have been developed for head-fixed mice.  

The spatial spread of inactivation that we observed was unexpectedly large, with significant 

suppression detected several millimeters from the laser target (Figure 2.2F) despite the small size of the 
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focused laser beam (0.12 mm diameter, Supplemental Figure 2.1C). We considered that light scattering 

might compromise spatial precision, however, our electrophysiological observations suggest this is not the 

case: neurons activated by the laser (i.e. Chrimson-expressing inhibitory interneurons, which do not 

express GCaMP) were only activated near the laser location (Figure 2.1F), though laser stimulation 

further away did suppress many of the other recorded neurons (presumably mostly those expressing 

GCaMP under the CaMKII driver; Figure 2.1F). The local effect of the laser on inhibitory interneurons but 

longer-range suppression of excitatory neurons, as reported previously with similar optogenetic strategies 

(Li et al., 2019), suggests that the range of suppression is determined by network propagation of the 

suppressive effect.  

2.6.3 Assumptions and interpretations of causal coupling via optogenetics  

Correlational and causal coupling between cortical regions diverged at both single-unit and 

population scales. At the population scale, homotopic areas were among the most strongly correlated 

pairs in cortex, yet suppression of one area produced little change in its homotopic partner, despite dense 

callosal projections (Oh et al., 2014). This result may arise from relatively low-weight homotopic 

connections not measurable from bulk calcium imaging; however, we did not find individual neurons that 

responded reliably to contralateral stimulation, which would be expected if the effect were present but too 

sparse to appear in the widefield signal. For single units, correlational and spike-triggered maps were 

spatially broad, while responses to perturbation were confined to nearby targets (Figure 2.5G). These 

data are most consistent with common input driving both hemispheres, for example subcortical or 

neuromodulatory signals. 

Another possibility is that the perturbation used here does not functionally engage the callosal 

circuits underlying homotopic correlations. Optogenetic suppression produces focal activity patterns 

outside the range observed spontaneously (MacDowell et al., 2025), and removing activity uniformly 

within a single area may not reproduce the patterns through which homotopic influence operates 

spontaneously. A systematic survey of multi-site and temporally patterned perturbations may establish 

whether homotopic influence is engaged under different conditions. 

38 



2.6.4 Hierarchical timescales in the cortex 

The hierarchy of intrinsic timescales measured from spontaneous activity was not reproduced by 

a causal measure of the same areas. Autocorrelation timescales were shortest in sensory regions and 

longest in association and frontal regions, consistent with prior reports (Murray et al., 2014; Song et al., 

2024), while recovery from local suppression was slowest in sensory areas. Autocorrelation reflects both 

properties of the local network and the timescales of activity arriving to that network, which may be 

unrelated. One interpretation is that frontal and association areas receive input on slower timescales than 

sensory areas, while their local dynamics are comparatively fast. However, this interpretation relies on 

several assumptions. 

First, that the recovery from suppression is determined by the same dynamics that shape ongoing 

activity. Our measurement, recovery from a strong exogenous perturbation, may not necessarily reflect 

the circuit’s response to input in an ordinary regime.  

Second, that the perturbation was equivalent across targets. Laser power was matched at each 

location, and suppression appeared comparable across target locations in widefield (Fig 2.1I). However, 

suppression is produced by network propagation from locally activated interneurons, so its extent may 

vary depending on the cell type composition of the local circuit, as well as with opsin expression and light 

attenuation through the skull.  

Third, that both autocorrelation and perturbation measures identify the timescales of the 

underlying circuit rather than those of the calcium indicator. Widefield fluorescence also reflects bulk 

activity pooled across many neurons, and so the timescales measured here need not correspond to those 

of individual neurons, which may be heterogeneous. Repeating both measurements with 

electrophysiology would resolve whether these observations are consistent across modalities, and 

whether the perturbation was equivalent across-targets at single neuron resolution.  
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Chapter 3: Global origins of trial-to-trial variability in V1 

3.1 Introduction 

​ Trial-to-trial variability in cortical spike counts can arise from multiple sources, including 

cell-autonomous processes, locally shared network fluctuations, behavioral state, and globally distributed 

activity. Although prior work has partitioned variability into single-neuron and locally shared components 

within individual cortical regions (Goris et al., 2014; Lin et al., 2015), it remains unclear how much of the 

variability observed in any single region reflects activity that is shared with the rest of cortex. A common 

framework for organizing these sources treats individual neurons as Poisson spike generators whose 

rates are modulated by shared latent signals, with super-Poisson variability arising from fluctuations in 

those latent signals (Ecker et al., 2014; Goris et al., 2014; Lin et al., 2015; Rabinowitz et al., 2015; 

Rupasinghe et al., 2026)(cite). Prior work has identified some of these shared signals, including locally 

shared network activity (Akella et al., 2025; Semedo et al., 2019) and spontaneous behaviors 

(Ährlund-Richter et al., 2026; Manley et al., 2024; Musall et al., 2019; Raut et al., 2025; Steinmetz et al., 

2019; Stringer et al., 2019b; Yin et al., 2025). However, behaviors account for only a subset of distributed 

cortical activity, and prior measurements of behavior-related fluctuations have largely relied on calcium 

imaging, precluding the quantification of spike count variability. Therefore, the relative contributions of 

locally shared, behaviorally correlated, and other globally distributed sources to single-neuron spike count 

variability in V1 have not been quantitatively resolved. Here, we used simultaneous multi-region 

electrophysiology, mesoscale widefield imaging, and behavioral monitoring to partition trial-to-trial 

variability in V1 spike counts. 

​ Resolving the relative contributions of these sources requires simultaneous 

measurements of multiple potential sources, single-neuron spiking resolution, and an analytical 

framework that can attribute variability to multiple, potentially overlapping sources under a Poisson 

observation likelihood. Prior studies have typically achieved only a subset of these. Linear reduced-rank 

regression has been used to partition shared activity across cortical regions but assumes Gaussian 

observations and does not handle Poisson spike counts (Semedo et al., 2019). Modulated count models 
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capture super-Poisson variability in spiking but typically use a single latent gain term rather than 

partitioning across multiple, externally defined predictors (Goris et al., 2014; Rabinowitz et al., 2015). To 

address these gaps, we developed a Poisson reduced-rank regression (p-RRR) framework that fits 

multiple predictors jointly under a Poisson likelihood and enables quantification of both unique and shared 

variability attributable to each source. 

​ To partition variability across these sources, we recorded spikes from hundreds of 

neurons in mouse primary visual cortex (V1) with four-shank Neuropixels 2.0 probes (Steinmetz et al., 

2021). We employed a method not previously used for partitioning neuronal variability, Poisson 

reduced-rank regression, which models low-dimensional shared structure between neurons. We identified 

a reliable low-dimensional subspace of activity locally shared among V1 neurons. This subspace 

represented a large fraction of trial-to-trial spike count variability, and in particular, explained the shared 

patterns of activity underlying most super-Poisson variability at the population level. Globally distributed 

patterns of cortical activity, recorded simultaneously from either widefield calcium imaging or with 

large-scale electrophysiology in frontal cortex, accounted for more than half of this locally explainable 

variability, significantly more than that attributable to behavior. Geometric analysis of the predicted activity 

subspaces revealed that globally-predicted activity encompassed behavior-related variability, but 

extended into additional dimensions unrelated to behavior. Optogenetic perturbations suggested a 

possible causal pathway for these shared fluctuations from the anterior cingulate area. Our results 

demonstrate that V1 neurons have responses that can be understood as modulated Poisson processes 

with at least half of the modulations shared beyond V1. These findings reframe single-neuron variability in 

sensory cortex as substantially reflecting distributed rather than local processes, and provide a framework 

for partitioning variability across spatial scales of cortical organization. 

3.2 Methods 

3.2.1 Passive stimulus presentation 

During each experimental session, mice were presented with visual stimuli on three 60 Hz refresh 

rate screens (Adafruit, LG LP097QX1). Experiment hardware was controlled with Rigbox (Bhagat et al., 
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2020). Screens were placed 10 cm in front of the mouse, to its left, and to its right. Stimuli were ten 

natural scenes from the Allen Brain Observatory Visual Coding dataset (de Vries et al., 2020). Images 

were randomly interleaved, and each image was shown for 150 repetitions. In most sessions (n=10), 

images were shown for 300 ms. In two sessions, images were shown for 230 ms. Inter-trial intervals were 

drawn from an exponential distribution (mean: 700 ms, min: 400 ms, max: 3000 ms). To maintain arousal 

throughout visual stimulus presentations, mice were randomly rewarded (mean: 5 seconds) with drops of 

10% sucrose delivered through a small metal tube positioned near the mouth. 

3.2.2 Behavioral monitoring 

Mice were able to turn a wheel freely during recording experiments. The wheel was attached to a 

rotary encoder to record movements. A camera and 16 mm focal length lens (ThorLabs MVL16M23) with 

IR filter was used to record the subject's face and forelimb movements during experiments. The camera 

acquired at a 70 Hz frame rate (~14.3 ms), using the same hardware trigger as for the widefield imaging 

camera.  

3.2.3 Widefield imaging and optogenetics 

Briefly, widefield calcium images were collected at 35 Hz (after hemodynamic correction). See 

Chapter 1.5.4 for technical details. For cortex-wide optogenetic mapping (Fig 3.3A, B), 46 laser targets 

spaced 1 mm apart were stimulated in randomized order with 150-650 ms inter-trial intervals. Each 

stimulus was 25 ms in duration at 0.75 mW. For ACA-targeted optogenetic experiments (Fig 3.3C), the 

laser was targeted to ±0.75 mm ML, +0.5 mm AP relative to bregma. Each stimulus was 400 ms in 

duration at 1 mW.  

3.2.4 Poisson reduced-rank regression model 

Model fitting and relationship to Poisson GLM. Let  denote the 𝑦 𝑖( ) = 𝑦
1
𝑖( ), 𝑦

2
𝑖( ), …, 𝑦

𝑇
𝑖( ) ⎡⎢⎣

⎤⎥⎦

⊤
∈ 𝑅𝑇×1

binned spike train of neuron , and  denote the -dimensional measurements 𝑖 𝑋 = 𝑥
1
, 𝑥

2
, …, 𝑥

𝑇
 [ ]⊤ ∈ 𝑅𝑇×𝑀 𝑀

(e.g. sensory inputs, behavioral or neural features) recorded at time bins . p-RRR assumes that 1, 2, …, 𝑇
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, where .  is an intercept term accounting for the mean 𝑦
𝑡
𝑖( ) ∼ 𝑃𝑜𝑖𝑠𝑠𝑜𝑛 λ

𝑡
𝑖( )( ) λ

𝑡
𝑖( ) = 𝑓 𝑥

𝑡
· ℎ 𝑖( ) + 𝑏 𝑖( )( ) 𝑏 𝑖( )

activity, and  is a nonnegative nonlinearity taken to be the softplus function (Keeley et al., 2020). Once 𝑓

learned, the model parameter,  specifies the relationship between observed spike counts and ℎ 𝑖( ) ∈ 𝑅𝑀×1

the other measurements. 

To learn  from data, we can write down the log-likelihood of the spike train ℎ 𝑖( ), 𝑏 𝑖( )

 𝑙𝑜𝑔𝑝 𝑦 𝑖( )|𝑋, ℎ 𝑖( ), 𝑏 𝑖( )( ) = 𝑐 +
𝑡=1

𝑇

∑ 𝑦
𝑡
𝑖( )𝑙𝑜𝑔𝑓 𝑥

𝑡
· ℎ 𝑖( ) + 𝑏 𝑖( )( ) − 𝑓 𝑥

𝑡
· ℎ 𝑖( ) + 𝑏 𝑖( )( ),  𝑐 =−

𝑡=1

𝑇

∑ 𝑙𝑜𝑔 𝑦
𝑡
𝑖( )!( ),

and the optimal  are those that maximize the likelihood of the observed spike train. ℎ 𝑖( ), 𝑏 𝑖( )

When spikes from multiple neurons are recorded, for example, , the joint log-likelihood 𝑖 = 1, …, 𝑁

for observing all spike trains is 

 𝑙𝑜𝑔𝑝 𝑦 1( ), …, 𝑦 𝑁( )|𝑋, ℎ 1( ), …, ℎ 𝑁( ), 𝑏 1( ), …, 𝑏 𝑁( )( ) = 𝐶 +
𝑖=1

𝑁

∑
𝑡=1

𝑇

∑ 𝑦
𝑡
𝑖( )𝑙𝑜𝑔𝑓 𝑥

𝑡
· ℎ 𝑖( ) + 𝑏 𝑖( )( ) − 𝑓 𝑥

𝑡
· ℎ 𝑖( ) + 𝑏 𝑖( )( ).

Assuming that  are independent of each other, previous approaches maximize the joint {ℎ 𝑖( )}
𝑖=1
𝑁

log-likelihood by maximizing  for each  separately. However, given the significance of 𝑙𝑜𝑔𝑝 𝑦 𝑖( )|𝑋, ℎ 𝑖( ), 𝑏 𝑖( )( ) 𝑖

low-dimensional structure in neural populations, instead of independence, it may be more appropriate to 

assume  to be low-rank. Rank constraint is a popular regularization method 𝐻 = ℎ 1( ), ⋯, ℎ 𝑁( ) [ ] ∈ 𝑅𝑀×𝑁

(Candès and Recht, 2012) that can improve the model’s robustness to noise in individual neuron spike 

trains. Therefore, we propose p-RRR, which seeks to maximize 

 𝑙𝑜𝑔𝑝 𝑦 1( ), …, 𝑦 𝑁( )|𝑋, ℎ 1( ), …, ℎ 𝑁( ), 𝑏 1( ), …, 𝑏 𝑁( )( ) + α∥𝐻∥
𝐹
2,  𝑠𝑢𝑏𝑗𝑒𝑐𝑡 𝑡𝑜 𝑟𝑎𝑛𝑘 𝐻( ) ≤ 𝑟,

where  is an additional L2 regularization penalty to prevent overfitting (Paninski, 2004).  α∥𝐻∥
𝐹
2 α, 𝑟

are hyperparameters which can be determined by cross-validation.  is typically taken to be less than  𝑟 𝑁

(the number of neurons), and when , p-RRR is equivalent to  independent Poisson GLMs. When 𝑟 = 𝑁 𝑁

,  have to be fitted simultaneously in one matrix . The optimal  does not have a 𝑟 < 𝑁 {ℎ 𝑖( )}
𝑖=1
𝑁 𝐻 𝐻

closed-form solution, but nonetheless can be solved numerically. In practice, we implemented p-RRR as a 

simple feedforward network in Pytorch (Paszke et al., 2019), and optimized it with the limited-memory 

Broyden–Fletcher–Goldfarb–Shanno (L-BFGS) algorithm (Liu and Nocedal, 1989). 
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Model selection. The two major hyperparameters of p-RRR are the rank constraint ( ) and the 𝑟

weight for  regularization penalty ( ). Hyperparameters were optimized independently for each session 𝐿
2

α

and predictor combination. When  contains multiple types of measurements, since different parts of  𝑋 ℎ 𝑖( )

describe relationships with different measurements, they are given separate  regularization weights. For 𝐿
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We used grid search to find the optimal values of  and . The typical values we tried for  are 0, α 𝑟 α

10-4, 10-3, 10-2, 10-1, and for  are integers between 1 and 60 (typically as multiples of five). The optimal 𝑟

values of  and  were determined through a two-fold cross-validation. We split the recorded timestamps α 𝑟

(53581  632 per session) into ten even blocks. Alternating blocks were used as training or testing sets. ±

This method was chosen over random sampling to avoid autocorrelations between training and testing 

data. We evaluated model performance using D2 (percentage of Tweedie deviance explained), which is 

similar to variance explained (R2) but for Poisson-distributed data (Cameron and Windmeijer, 1996).   α, 𝑟

were chosen based on c.v. D2: we first computed a testing D2 for each neuron, and then obtained a 

population average D2 (weighted by each neuron’s variance on the test set) for each fold. c.v. D2 is taken 

as the average population D2 across two folds. For each , the optimal  was chosen to achieve the 𝑟 α

highest c.v. D2 across all values of . The optimal  was then chosen to be the minimal  achieving at α 𝑟 𝑟

least 99% of the maximum c.v. D2 across all . To identify the rank for 95% performance (Fig.3.3.1L), we 𝑟

first created a linear interpolation on the c.v. D2 from ranks we experimented, and found the minimal rank 

achieving at least 95% of the maximum c.v. D2 across all ranks. 

Null predictors. To account for slow fluctuations in electrophysiology (see Fig 3.1), binned spikes 

were low-pass filtered at 0.1 Hz. The resulting “infraslow” spike matrix was decomposed using PCA, and 

the first 10 PCA components served as the null term. This term was included in all models; the Null model 

contained only this term and an intercept.  
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Stimulus predictors. Each unique image  was represented by a predictor matrix 𝑖(𝑖 = 1,  ...,  10)

of size , where  is the total number of time points and  is the number of temporal lags 𝑋
𝑖

𝑇 ×  𝐿 𝑇 𝐿 = 31

spanning 0-857 ms relative to stimulus onset. Each column of  is a binary vector corresponding to a 𝑋
𝑖

single lag, with entries  if  and 0 otherwise, where  is the set of onset time points 𝑋
𝑖
(𝑡,  𝑙) = 1 𝑡 − 𝑙 ∈ 𝑆

𝑖
𝑆

𝑖

for image . The 10 per-image predictor matrices were horizontally concatenated into a 𝑖,  𝑙 = 0,  ...,  30.

stimulus predictor matrix  of size . See Fig. 3.S1B for schematic. 𝑋 𝑇 × 310

Behavior predictors. Face video was analyzed using FaceMap (Syeda et al., 2024); motion 

energy was computed between frames and decomposed with SVD. The video was cropped to exclude 

the reward spout while retaining visibility of the tongue for licking behavior. For analyses with neural data, 

motion energy temporal components were linearly downsampled to 35 Hz to match the binning resolution 

for electrophysiology and widefield imaging (35 Hz). The top 30 temporal components, each with 30 

time-shifted copies, were used as behavior predictors, capturing both current behavior and recent 

behavior history.  

Global predictors. For widefield data, frames were decomposed into 500 orthogonal spatial and 

temporal components using SVD, then first-order differencing was applied to the temporal components. 

The top 30 components and their 30 time-shifted copies were included as predictors. For spiking activity 

from ACA, neurons with average firing rate below 0.2 spikes/s were excluded. Other quality control 

metrics were not applied, as only model targets required stringent identification of single units. Spikes 

were binned at 35 Hz, and 30 time-shifted copies per neuron were included. 

Local predictors and targets. Following initial quality control (see Chapter 1.5.3, 

Electrophysiology), neurons with mean firing rate below 0.2 spikes/sec were excluded. Spikes from the 

remaining single units were binned at 35 Hz. When used as predictors, 30 time-shifted copies per neuron 

were also included. For analyses using different counting windows (Fig. 3.S7), binned spikes were 

convolved with a boxcar filter such that each timepoint represented sum over its recent history (e.g., for a 

5-bin counting window, each timepoint summed the current bin and the four preceding bins). 
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3.2.5 Quantifying explained trial-to-trial variability 

Residual Fano factor. Let  be random variables representing the binned spike count of 𝑌, 𝑆, 𝑂

some neuron, the stimulus, and non-stimulus experimental measurements, such as other behavioral or 

neural features. p-RRR is fitted under the assumption , where  is some 𝑌|𝑆, 𝑂 ∼ 𝑃𝑜𝑖𝑠𝑠𝑜𝑛 𝑔 𝑆, 𝑂( )( ) 𝑔

function to be modeled. When fitting p-RRR, observations of , i.e., , are organized into the 𝑌 𝑦
1
, …, 𝑦

𝑇

response vector  of some neuron; observations of  are organized into the design matrix . 𝑦 𝑆, 𝑂 𝑋

We devised a novel measure, called the residual Fano factor, to quantify the amount of 

trial-to-trial variability  explainable by : 𝑉𝑎𝑟 𝑌|𝑆( ) 𝑂

 𝑟𝑒𝑠𝑖𝑑𝑢𝑎𝑙 𝐹𝑎𝑛𝑜 𝑓𝑎𝑐𝑡𝑜𝑟 = 𝑉𝑎𝑟 𝑌−𝑔 𝑆,𝑂( )|𝑆( )
𝐸 𝑌|𝑆[ ]

In the following, we show that when the p-RRR assumption  is true, the 𝑌|𝑆, 𝑂 ∼ 𝑃𝑜𝑖𝑠𝑠𝑜𝑛 𝑔 𝑆, 𝑂( )( )

residual Fano factor equals 1. 

Rewrite the numerator as 

 𝑉𝑎𝑟 𝑌 − 𝑔 𝑆, 𝑂( )|𝑆( ) = 𝑉𝑎𝑟 𝑌|𝑆( ) + 𝑉𝑎𝑟 𝑔 𝑆, 𝑂( )|𝑆( ) − 2𝐶𝑜𝑣 𝑌, 𝑔 𝑆, 𝑂( )|𝑆( )

where 

 𝑉𝑎𝑟 𝑌|𝑆( ) = 𝐸 𝑌2|𝑆[ ] − 𝐸 𝑌|𝑆[ ]2 

 𝑉𝑎𝑟 𝑔 𝑆, 𝑂( )|𝑆( ) = 𝐸 𝑔2 𝑆, 𝑂( )|𝑆[ ] − 𝐸 𝑔 𝑆, 𝑂( )|𝑆[ ]2

 = 𝐸 𝑔2 𝑆, 𝑂( )|𝑆[ ] − 𝐸[𝐸 𝑌 𝑆, 𝑂]| |𝑆[ ]2 

 = 𝐸 𝑔2 𝑆, 𝑂( )|𝑆[ ] − 𝐸 𝑌|𝑆[ ]2 

 𝐶𝑜𝑣 𝑌, 𝑔 𝑆, 𝑂( )|𝑆( ) = 𝐸 𝑌𝑔 𝑆, 𝑂( )|𝑆[ ] − 𝐸 𝑌|𝑆[ ]𝐸 𝑔 𝑆, 𝑂( )|𝑆[ ]

 = 𝐸 𝑌𝑔 𝑆, 𝑂( )|𝑆[ ] − 𝐸 𝑌|𝑆[ ]2

Combine (1)(2)(3), 

 ⋆( ) = 𝐸 𝑌2|𝑆[ ] − 𝐸 𝑌|𝑆[ ]2 + 𝐸 𝑔2 𝑆, 𝑂( )|𝑆[ ] − 𝐸 𝑌|𝑆[ ]2 − 2𝐸 𝑌𝑔 𝑆, 𝑂( )|𝑆[ ] + 2𝐸 𝑌|𝑆[ ]2  

 = 𝐸 𝑌 − 𝑔 𝑆, 𝑂( )( )2|𝑆[ ]
 = 𝐸[𝐸 𝑌 − 𝑔 𝑆, 𝑂( )( )2 𝑆, 𝑂]| |𝑆[ ]  

 = 𝐸[𝐸 (𝑌 − 𝐸 𝑌 𝑆, 𝑂])2| |𝑆, 𝑂[ ]|𝑆[ ]  

 = 𝐸 𝑉𝑎𝑟(𝑌 𝑆, 𝑂)| |𝑆[ ]  
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 = 𝐸[𝐸 𝑌 𝑆, 𝑂]| |𝑆[ ]  

 = 𝐸 𝑌|𝑆[ ],  

where the equality between (4) and (5) follows from the property of the Poisson distribution. So 

 𝑟𝑒𝑠𝑖𝑑𝑢𝑎𝑙 𝐹𝑎𝑛𝑜 𝑓𝑎𝑐𝑡𝑜𝑟 = 𝐸 𝑌|𝑆[ ]
𝐸 𝑌|𝑆[ ] = 1.

In other words, neural covariates represented by  can account for all trial-to-trial variability down 𝑂

to Poisson noise. If the Poisson assumption does not hold, that is, if , where  is 𝑌|𝑆, 𝑂∼𝐷 𝑔 𝑆, 𝑂( )( ) 𝐷

different from the Poisson distribution, then p-RRR may not be the best model for . Nonetheless, if using 𝑔

 modeled by p-RRR we still have , then we can still follow the calculation to (4). If  𝑔 𝐸 𝑔 𝑆, 𝑂( )|𝑆[ ] = 𝐸 𝑌|𝑆[ ] 𝐷

has sub-Poisson variability, then , and . If  has super-Poisson 4( ) < 5( ) 𝑟𝑒𝑠𝑖𝑑𝑢𝑎𝑙 𝐹𝑎𝑛𝑜 𝑓𝑎𝑐𝑡𝑜𝑟 < 1 𝐷

variability, then , and . 4( ) > 5( ) 𝑟𝑒𝑠𝑖𝑑𝑢𝑎𝑙 𝐹𝑎𝑛𝑜 𝑓𝑎𝑐𝑡𝑜𝑟 > 1

We estimated the residual Fano factor using trial-aligned data and p-RRR prediction on the test 

set (which was concatenated between the two folds). For each stimulus, to estimate the numerator, we 

took the difference between the observed spikes and p-RRR prediction, and computed its variance across 

trials. An estimation of the denominator was obtained by computing the average spikes across trials. The 

numerators from all stimuli were scattered against the denominators, and the residual Fano factor was 

taken as the slope  of the best-fit linear model  on these scattered points. In Fig. 2, each trial time 𝑘 𝑦 = 𝑘𝑥

point had a separate linear fit. In Extended Data Fig. 5, all trial time points were included in a single linear 

fit. 

We also verified the condition  for p-RRR models where  consists of the 𝐸 𝑔 𝑆, 𝑂( )|𝑆[ ] = 𝐸 𝑌|𝑆[ ] 𝑂

null predictor together with one of the following: the behavior predictor, the global predictor, both the 

behavior and global predictors, or the local predictor. For every neuron and every stimulus condition, we 

computed the total observed spikes and p-RRR prediction in the ms to 571ms window around − 143

stimulus onset for every trial, and tested whether the distributions of observed spikes and p-RRR 

prediction across trials have the same mean. For all sessions and all choices of , over  of p-RRR 𝑂 90%

predictions across all neurons and all stimulus conditions satisfy the condition (two sample t-test, 

). α = 0. 01

Poisson simulation analysis. For each model, test predictions from both folds were 

concatenated to reconstruct the whole time series. Each neuron’s model prediction was treated as the 

47 



underlying inhomogeneous rate, from which 100 Poisson-random draws were taken and scored against 

the prediction using D2. A z-score was then computed using the simulated D2 distribution as the null and 

the observed D2 (scored against the data) as the test statistic.  

3.2.6 Variance partitioning 

To partition D² into unique and shared components across predictors, we compared the 

performance of models containing different predictor combinations. All terms were computed after 

subtracting the contribution of the Null model. Unique D² of each predictor P from {Stimulus, Behavior, 

Global} (Fig 3.3I) is computed relative to other predictors as D²(P unique) = D²(Full) - D²(Full without P), 

where Full denotes the model containing all three predictors plus Null, and Full without P omits predictor 

P. Fig. 3.S8G further partitions the variance explained by all predictors beyond Null into seven 

non-overlapping components: three unique terms, three pairwise-shared terms, and one triple-shared 

term. The unique terms were computed in the same way as above. Pairwise-shared terms were 

computed by inclusion-exclusion; for example, D²(Global&Behav) = [D²(Global+Stim+Null) - 

D²(Stim+Null)] + [D²(Behav+Stim+Null) - D²(Stim+Null)] - [D²(Full) - D²(Stim+Null)]. The triple-shared term 

was defined as the remainder: D²(Global&Behav&Stim) = D²(Full) - D²(Null) - (sum of the six other 

components). 

For two predictors (e.g., Stimulus and Behavior; Fig 3.4G), individual and shared D² were defined 

as: D²(Stim) = D²(Null+Stim) - D²(Null), D²(Behav) = D²(Null+Behav) - D²(Null), D²(Stim+Behav) = 

D²(Null+Stim+Behav) - D²(Null), and shared D²(Stim, Behav) = D²(Stim) + D²(Behav) - D²(Stim+Behav). 

Shared D² between Stimulus and Global in Fig 3.4G was computed analogously. 

3.2.7 Manifold geometry analysis 

We used the “half-half” setup (Fig. 3.S4A) to allow for identification of the Local manifold. Half of 

the neurons in the V1 population were used as predictors and the other half as targets. Stimulus, 

Behavior, and Global models were also fit to predict the target population. To obtain prediction manifolds, 

we performed PCA on p-RRR predictions, and took the top PCs accounting for over 99% variance as the 

predicted manifold. 
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The alignment between two manifolds is quantified by the amount of activity variance in one 

manifold captured by the other, with more variance captured indicating a higher degree of alignment. As 

an example, consider the Stimulus and Behavior manifolds. Take the Behavior model prediction and 

perform PCA. Suppose the top  PCs account for over 99% variance, then the Behavior manifold is 𝑅
𝐵𝑒ℎ𝑎𝑣

-dimensional, and the PCs form an orthonormal basis  of it, where  is the number 𝑅
𝐵𝑒ℎ𝑎𝑣

𝐵
𝐵𝑒ℎ𝑎𝑣

∈ 𝑅
𝑁×𝑅

𝐵𝑒ℎ𝑎𝑣 𝑁

of V1 neurons. Let  be the Stimulus model prediction, where  is the number of timestamps. Λ
𝑆𝑡𝑖𝑚

∈ 𝑅𝑇×𝑁 𝑇

Following , we can find the dimensions inside Behavior manifold that contain information about Stimulus 

prediction by identifying a set of , such that , subject to 𝑒
𝑖

∈ 𝑅𝑁, 𝑖 = 1, …, 𝑅
𝐵𝑒ℎ𝑎𝑣

𝑒
𝑖

= 𝑎𝑟𝑔𝑚𝑎𝑥 ∥Λ
𝑆𝑡𝑖𝑚

𝑒∥
2

2( )
, .  are given by the columns of , where  ∥𝑒∥

2
2 = 1 𝑒 ∈ 𝑐𝑜𝑙 𝐵

𝐵𝑒ℎ𝑎𝑣( ), 𝑒 ⊥ 𝑒
1
, …, 𝑒

𝑖−1
𝑒

𝑖
𝐵

𝐵𝑒ℎ𝑎𝑣
𝑉 𝑉 ∈ 𝑅

𝑅
𝐵𝑒ℎ𝑎𝑣

×𝑅
𝐵𝑒ℎ𝑎𝑣

contains the right singular vectors of . The percentage of variance on the Stimulus manifold Λ
𝑆𝑡𝑖𝑚

𝐵
𝐵𝑒ℎ𝑎𝑣

captured by Behavior manifold is , where . 100 ×
∥Λ

𝑆𝑡𝑖𝑚
𝐸∥

𝐹

2

∥Λ
𝑆𝑡𝑖𝑚

∥
𝐹

2 𝐸 = 𝑒
1
 ···  𝑒

𝑅
𝐵𝑒ℎ𝑎𝑣

 ⎡
⎢
⎣

⎤
⎥
⎦

∈ 𝑅
𝑁×𝑅

𝐵𝑒ℎ𝑎𝑣

Our manifold alignment metric is closely related to those used in previous studies. Our metric is 

equivalent to the metric neural variance accounted for (VAF), defined in equation 10 in . Both metrics 

share the same denominator, and using the fact that  has orthonormal columns, we can establish the 𝐸

equivalence of the numerators: 

 ∥Λ
𝑆𝑡𝑖𝑚

𝐸∥
𝐹

2 = ∥𝐸⊤Λ
𝑆𝑡𝑖𝑚
⊤ ∥

𝐹

2
= ∥𝐸𝐸⊤Λ

𝑆𝑡𝑖𝑚
⊤ ∥

𝐹

2
= ∥Λ

𝑆𝑡𝑖𝑚
⊤ ∥

𝐹

2
− ∥Λ

𝑆𝑡𝑖𝑚
⊤ − 𝐸𝐸⊤Λ

𝑆𝑡𝑖𝑚
⊤ ∥

𝐹

2
.

Also, note that  is the squared numerator of the normalized subspace error (∥Λ
𝑆𝑡𝑖𝑚
⊤ − 𝐸𝐸⊤Λ

𝑆𝑡𝑖𝑚
⊤ ∥

𝐹

2

), defined by equation 9 in , so our metric also equals to . 𝑒
𝑠𝑢𝑏

1 − 𝑒
𝑠𝑢𝑏
2

We call  the shared dimensions between the Stimulus and Behavior manifolds, with the amount 𝐸

of stimulus-related variance accounted for by individual dimensions decreasing from its first to the last 

column. The alignment metric is between 0 and 100 (inclusive), where 0 means the Stimulus manifold is 

orthogonal to the Behavior manifold, and 100 means all modes in the Stimulus manifold can also be 

found in the Behavior manifold. If the Stimulus manifold has both shared and private modes relative to the 
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Behavior manifold, then the metric is between 0 and 100 (exclusive), with higher values indicating that 

more stimulus-predicted variance was captured by shared modes. 

The reported alignment score was cross-validated using our two-fold cross-validation scheme. 

Following the previous example, on each fold, we first used  and  derived from training set Λ
𝑆𝑡𝑖𝑚

𝐵
𝐵𝑒ℎ𝑎𝑣

predictions of Stimulus and Behavior models to identify . The amount of information captured by each  𝑒
𝑖

𝑒
𝑖

was then evaluated using  from the test set. Lastly, the average score of the metric across two folds Λ
𝑆𝑡𝑖𝑚

was reported. 

Because fitting p-RRR involves solving a non-convex optimization problem numerically, learned 

manifolds may vary across random initializations. To assess robustness, we retrained each model 5 times 

from different random seeds after fixing hyperparameters at their cross-validated optima, yielding Pi and 

Localj fits (i, j = 1,…,5). For each pair (i, j), we repeated the manifold projection analyses described above 

(Fig. 4D–F), producing 25 estimates of variance captured per session. We report the mean and standard 

deviation across these 25 values (Fig. 3.S10D–F). 

3.2.8 Decoding analysis 

Image identity was decoded from recorded and predicted V1 peri-stimulus time histograms 

(PSTHs) using multiclass linear discriminant analysis. For each image, even- and odd-numbered trials 

were used for training and testing, respectively. PSTH matrices were flattened to shape [n_trials, 

n_neurons x n_trial_timepoints], and PCA was fitted on the flattened training data. The top 200 principal 

components were used to fit the LDA model. Decoding performance was evaluated as the posterior 

probability assigned to the correct image on each trial. 

3.2.9 HMM analysis 

For each session, a Poisson Hidden Markov Model (Poisson-HMMs) was fitted to the V1 spike 

matrix using the dynamax (Linderman et al., 2025) package. The number of Poisson-HMM states was 

treated as a hyperparameter and selected via the Bayesian Information Criterion. Poisson-HMM states 

were decoded with an L2-regularized logistic regression model with the same predictors as in p-RRR. 

Timepoints were split into contiguous training, validation, and test blocks of equal size. Decoding models 
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were fitted on the training set, with optimal regularization weight selected on the validation set. Decoding 

accuracy on the test set is reported in Fig. 3.S3. 
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3.3 Results 

To determine the magnitude and origin of explainable variability in primary visual cortex 

(V1), we recorded with a Neuropixels 2.0 probe in awake mice (n=12 sessions, n=10 mice, 

n=2722 total neurons, 227 ± 64 neurons per session, Fig 3.1A, B). Subjects passively viewed 

natural scenes (10 images, n=150 trials per image, Fig. 3.S1A) while their face movements 

were monitored with video cameras (Fig 3.1C, D). The presentation of images reliably drove 

responses in V1 neurons. Individual neurons showed tuning to different images (Fig 3.1E) and 

trial-to-trial variability, measured by Fano factor (trial-aligned spike count variance to mean 

ratio), in their responses to identical images (Fig 3.1F).  

To capture the influence of factors that may explain trial-to-trial variability in V1 spike counts, we 

developed a Poisson reduced-rank regression (“p-RRR”) model (see Chapter 3.2.4). The p-RRR model is 

a hybrid of regression-based and latent variable models, with a nonlinearity and Poisson “output” step to 

model observed spike trains. It models a low-dimensional shared latent structure between predictors and 

targets through its rank constraint, guided by the observation that neural populations often have 

low-dimensional shared structure (Cunningham and Yu, 2014; Ecker et al., 2014; Gao and Ganguli, 2015; 

Rabinowitz et al., 2015). A rank constraint on stimulus and task variables has been shown to be useful in 

a previous model for neuron spiking response (Latimer and Freedman, 2023), and p-RRR extends it to 

model correlations between simultaneously recorded neurons. The use of a Poisson output nonlinearity 

describes the distributions of spike counts more accurately than a linear model (Semedo et al., 2019), and 

successfully captured ground-truth latent factors in simulated data (Fig. 3.S2A, B). The p-RRR model 

performed better than the linear model on our dataset (Fig. 3.S2E) and captured both fast, 

multi-dimensional fluctuations (Fig 3.1L, M) and slower, coordinated state changes in population activity 

(Fig. 3.S3). When used to predict a one-dimensional target, the p-RRR model behaves as a Poisson 

generalized linear model (GLM) (Paninski, 2004; Truccolo et al., 2005) (Fig 3.1G). When non-stimulus 

factors are included alongside stimulus information as predictors, p-RRR models the unobserved source 

of trial-to-trial variability as a function of these factors and serves as a flexible generalization of the 

modulated Poisson model (Goris et al., 2014). Specifically, in prior work, shared super-Poisson variability 
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(i.e., variability in excess of that expected from a Poisson process) was modeled as a time-varying 

quantity of unknown origin, and this model enables identification of the correlates of that shared variability. 

Note that at the firing rates observed in our data, the output nonlinearity can capture a relationship 

between variance and mean that is consistent with the multiplicative gain factor in the modulated Poisson 

model (Fig. 3.S2I). Besides neural activity, the p-RRR model may also be applicable to other count-based 

data; a variant of it has been used for analyzing sequencing data (Fitzgerald et al., 2022). 
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Figure 3.1: Shared local activity patterns in primary visual cortex explain more spike 
count variability than behavioral or sensory factors  

A. Schematic of Neuropixels 2.0 experimental setup. B. Left, example time series of 
simultaneously recorded data: stimulus presentation times (gray), face motion SV1 (magenta), and 
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mean V1 population spiking (blue). Right, spike matrix from example session binned at 35 Hz (~28.6 
ms), n=220 individual V1 units passing quality control. C. Mean video frame of the subject’s face, and 
spatial masks of the top 3 SVD components of the movie, emphasizing parts of the subject’s snout, 
whisker pad, and eyes. D. Stimulus presentation timing. Ten natural images were randomly interleaved, 
each shown for 300 ms (or 230 ms in two sessions), with 400-3000 ms inter-stimulus intervals (median: 
680 ms), and 150 presentations per image. E. Normalized tuning curves across images for five 
example V1 neurons (columns) from one session. Blue point indicates the image used in F. Error bars 
indicate s.e.m. F. For each example neuron in E: top, spike rasters for all trials (n=150) of the image 
indicated in blue; middle, peri-stimulus time histogram; bottom, Fano factor computed across all ten 
images as a function of time relative to stimulus onset. Gray shading indicates stimulus duration. G. 
Schematic of the Poisson reduced-rank regression (p-RRR) model. Top, multi-target model with rank 
constraint. Bottom, single-target model without rank constraint (equivalent to a Poisson-GLM). Nodes 
from left to right: predictors (stimulus, gray; local peers, pink; behavior, purple; null, dark gray), rank 
constraint, softplus nonlinearity, Poisson draws. H. Example predictions from each model in I (colored) 
overlaid on recorded binned spikes (blue) for one neuron. Cross-validated D² shown for each model. I. 
Distribution of cross-validated D² across all neurons in an example session for four models: Local, 
Behavior, Behavior+Stimulus, and Null. Dashed vertical lines indicate means. J. Mean ± s.e.m. D² 
across sessions (n=12, n=2722 neurons total). Asterisks indicate significant difference from the Null 
model (two-sided paired t-test across sessions). K. Cross-validated D² of the single-target Local model 
as a function of the number of peer predictors. Each line represents the median across subsamples of 
predictors and targets in one session. L. Cross-validated D² of the multi-target Local model (normalized 
to maximum performance per session, mean ± s.e.m. over n=12 sessions) as a function of rank 
constraint. Shaded region indicates s.d. across sessions. Arrows indicate ranks at 95% and 100% of 
maximum performance. M. Dimensionality (rank at 95% of maximum performance) for each model. 
Asterisk indicates significant difference between Local and Behavior models (two-sided paired t-test 
across sessions). 

 

A “peer prediction” of V1 neurons captured a major fraction of the V1 variability via locally shared 

factors in the neural population. We first used the p-RRR as a single-target GLM, predicting each V1 

neuron from the spiking activity of other single neurons in the simultaneously recorded population. We 

used a D2 score (Tweedie deviance, similar to R2 but for Poisson-distributed model outputs; see Chapter 

3.2.4) on held-out data to score each model. This “Local” model explained 26.7 ± 1.7% (mean ± s.e.m. 

across n=12 sessions) of the total variance in held-out test data (Fig 3.1H-J). The activity fluctuations 

captured by this model can in principle be driven by inputs to V1 or by local recurrent dynamics, but we 

refer to it here as “Local” as a description of the predictors included in the model. The optimal model 

performance was similar whether we used this metric or R2 (Fig. 3.S2E), and whether we structured the 

model to predict single or multiple targets (Fig. 3.S4A, B). As a baseline against which to compare model 

performance, we constructed a “Null” model whose predictors were the slow (<0.1 Hz) components of the 

population activity (see Chapter 3.2.4). The Null model captures slow processes that can result in 

nonsense correlations (Harris, 2021) and are not the focus of this study, such as representational drift 

(Deitch et al., 2021), “infraslow” population activity (Okun et al., 2019), or artifactual relative motion 
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between electrodes and the tissue. Null predictors were included in all models. The Local model predicted 

significantly more variance than the Null model (p<0.001, two-sided paired t-test across session mean 

D2). Previous work reported that a significant fraction of V1 neural variability is explained by overt 

movements observable in facial videos (Musall et al., 2019; Stringer et al., 2019b). These factors also 

explain some V1 spike count variability in our dataset (“Behavior” model; p<0.001 relative to Null), but 

leave a major fraction unexplained (Fig 3.1J; p<0.001 relative to Local). The Stimulus model, which 

predicts each neuron’s time-varying mean response to each unique image (see Chapter 3.2.4), also 

explained significantly less variability than the Local model (p<0.001). The combined Behavior+Stimulus 

model explained less than the Local model (p<0.001), indicating that the Local model’s high performance 

was not solely due to capturing variability related to behavior, stimulus timing and identity, or both.  

Spike count variability was accounted for by a low-dimensional set of shared local factors. While 

performance did not saturate with increasing numbers of neurons used to make predictions (Fig 3.1K), 

this lack of saturation can arise due to spiking noise even in low-dimensional simulated populations (Fig. 

3.S4C, D). In other words, improved performance with more neurons can arise from a better estimation of 

low-dimensional shared variables, and therefore does not necessarily indicate a population dimensionality 

higher than the number of recorded neurons. We more directly estimated the dimensionality via the 

reduced rank structure of our multi-target model, determining the rank needed to reach at least 95% of 

maximum performance (Fig 3.1L). Measured in this way, the dimensionality of spike count variability of 

local V1 activity was 11.0 ± 0.4 (mean ± S.E.M. across n=12 sessions), significantly greater than the 

dimensionality explainable by correlations with behavior (7.6 ± 0.5; Fig 3.1M; p<0.001, two-sided paired 

t-test) indicating that the full space of V1 activity explores dimensions not associated with behavioral 

factors. 
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Figure 3.2: Shared factors within local populations explain super-Poisson components 
of trial-to-trial variability 

A. Fano factor calculation for an example neuron. Left, spike rasters across trials of a single 
repeated stimulus. Middle, mean (black) and variance (gray) of spike counts computed across trials in 
35 Hz (~28.6 ms) bins. Right, Fano factor (variance-to-mean ratio). Gray shading indicates stimulus 
duration. Error bars indicate 95% confidence intervals from bootstrapping across trials. B. Left, mean 
spike rate (black) and variance (gray) averaged across ten image conditions for n=2722 neurons from 
n=12 sessions. Right, median Fano factor across neurons. Gray shading indicates stimulus duration. 
Error bars indicate 95% confidence intervals from bootstrapping within sessions. Asterisk indicates 
significant change in Fano factor during versus outside the stimulus period (two-sided paired t-test, 
p=0.013). C. Left, single-trial responses of an example V1 neuron to one stimulus. Colors indicate 
individual trials; black line indicates the trial-averaged response. Right, total predicted versus recorded 
spike counts per trial. Colors indicate the sum of predicted spikes. Pearson correlation coefficient 
shown (p<1e-8). D. Left, recorded spike count variance (blue) and residual variance after subtracting 
the Local model prediction (green) for the neuron in C. Right, corresponding recorded and residual 
Fano factors (variance divided by recorded mean). E. Recorded population activity (left) and 
Local+Stimulus model prediction (right) for one session. Gray bars indicate stimulus presentations. F. 
Recorded Fano factor (blue) and residual Fano factor after accounting for Behavior (cyan) or Local 
(pink) model predictions, as a function of time relative to stimulus onset, across sessions. Gray shading 
indicates stimulus duration. Error bars indicate 95% confidence intervals from bootstrapping within 
sessions. G. Distribution of recorded (blue) and Local model residual (pink) Fano factors across 
neurons (median ± m.a.d.: recorded, 1.06± 0.14; residual, 0.98 ± 0.12; p<0.001, Wilcoxon signed-rank 
test). H. Recorded (blue) and Local model residual (pink) Fano factor as a function of spike counting 
window size. I. Schematic of Poisson simulation test. Poisson-random time series were taken from the 
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model prediction (i.e., the predicted value at each time point was used as the mean parameter for a 
draw from a Poisson distribution). J. D² scores between the Local model prediction and each of the 100 
Poisson draws (purple histogram) for an example neuron. The D² score between the prediction and 
recorded data (pink line) falls above the simulated distribution, yielding a simulation z-score of 7. K. 
Distribution of simulation z-scores across neurons for the Local model (pink) and Null model (gray). 
Positive z-scores indicate that the model predicts the data better than expected from Poisson variability 
alone (p<0.001, Wilcoxon signed-rank test between Local and Null across sessions, on the fraction of 
neurons with z<-3). 

 

Accounting for locally-shared variability revealed that, on average, V1 neurons fired with 

variability close to a Poisson process. We quantified the total trial-to-trial spiking variability with Fano 

factor (Fig 3.2A). Consistent with prior findings in other species (Churchland et al., 2010), we observed a 

decrease in Fano factor immediately after stimulus onset (Fig 3.2A, B; paired t-test p=0.013). The median 

Fano factor of V1 neurons across neurons was 1.06 ± 0.14 (median ± m.a.d. across neurons), with a 

bin-size dependence consistent with prior work (Rupasinghe et al., 2026) (Fig 3.2H, Fig. 3.S7). The Local 

model captured much of this trial-to-trial variability, correctly predicting differences in amplitude of 

responses around the time of stimulus presentations (Fig 3.2C, E). We noted that individual neurons were 

heterogeneous in their spiking statistics, with some neurons far above or below Poisson expectation, 

despite the overall population average being close to the variability expected from a Poisson process. The 

level of individual neuron spiking variability was only weakly correlated with spike rate, spike waveform 

width, and unit depth (Fig. 3.S6A). 

To assess how close the remaining unexplained variability was to that expected from a Poisson 

process, we computed a “residual” Fano factor (variance of the difference between observed and 

predicted single-trial spike count data, divided by the observed trial-average spike count, Fig. 3.2D, see 

Chapter 3.2.5). This “floor” of unexplainable variability has a Fano factor of 0.98 ± 0.12 (median ± m.a.d. 

across neurons; Fig. 3.2F, G), significantly lower than the raw Fano factor of 1.06 ± 0.14 (median ± m.a.d. 

across neurons; Fig 3.2F, G, Wilcoxon p<0.001). We refer to this as the “floor” since, given that most 

reliable V1 variance is captured by a small number of dimensions, most explainable variability should be 

shared across neurons and thus captured by this model. We observed that this near-Poisson floor was 

lowest at the timescale of our analysis (~29 ms bins); the residual Fano factor increased at coarser 

timescales (Fig 3.2H, Fig. 3.S7), consistent with the accumulation of small residual autocorrelations 

expected within larger counting windows (Rupasinghe et al., 2026). As with the total predicted variance 
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(CV D2 in Fig 3.1L), the residual Fano factor did not saturate as a function of the number of local peer 

predictors, but nevertheless remained in a similar range even after extrapolating to much larger 

population sizes (Fig. 3.S5D, F). 

Despite its widespread use, the Fano factor also has challenges as a reliable indicator of 

Poisson-like spiking variability (Charles et al., 2018; Churchland et al., 2011), including its limitation to 

trial-aligned activity. We therefore developed a complementary, alternative analysis using simulated 

Poisson counts. This method directly examines the relationship between the residual variability observed 

for each individual neuron and the variability expected from a Poisson process. For each neuron, we 

generated 100 Poisson-random samples from the Local or Null model predictions (Fig 3.2I). We then 

scored these samples against the prediction, creating a distribution of D2 scores expected under 

conditions of perfectly accurate mean rate predictions (by construction) combined with exactly Poisson 

spike generation (Fig 3.2J). Finally, we computed a z-score for each neuron’s actual D2 score relative to 

this distribution. A z-score of zero indicates that the model predicted the same amount of variability that 

would be expected if the neuron were a Poisson spike generator with the predicted mean rate. Positive 

z-scores indicate more variability predicted, thus implying that the neuron fires more regularly than 

Poisson given the model prediction, and vice-versa for negative z-scores. The results from this method 

were robust to cross-validation and imprecision in firing rate estimation (Fig. 3.S6B-D). As expected, 

when the Null model was used for prediction, most neurons had significantly (z<-3, 99.7% confidence 

interval) negative z-scores indicating their super-Poisson variability (61% of neurons with z<-3). However, 

when the Local model was used for prediction, a substantial fraction of the population had responses that 

were at or below Poisson variability (84% of neurons with z>-3). These simulations demonstrate that most 

neurons fired similarly to a Poisson process or with somewhat more regular firing, but only after 

accounting for locally-shared variability (Fig 3.2K). These findings were robust to particular choices about 

the bin size used for counting spikes (Fig. 3.S7).  

In principle, the locally-shared activity patterns that we identified could be partially or completely 

isolated in V1, or may be shared with fluctuations in other parts of cortex. In order to identify a potential 

source for globally-shared activity, we mapped causal cortical inputs to V1 using simultaneous widefield 

imaging and scanning optogenetics (Matveev et al., 2024). The anterior cingulate area (ACA) in mice 
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projects directly to V1 (Zhang et al., 2014), and indeed we observe that suppressing activity there directly 

resulted in suppression of V1 responses (Fig 3.3A-C). Therefore, we hypothesized that ACA might be a 

conduit of globally shared activity underlying trial-to-trial variability V1. While recording in V1, we 

measured nonlocal (“Global”) cortical activity using either a second Neuropixels 2.0 probe in anterior 

cingulate area (ACA; n=6 sessions; Fig 3.3D-E), or widefield calcium imaging of the cortical surface (n=5 

sessions; Fig 3.3F-G), or both methods simultaneously (n=1 session). We fit the p-RRR model to predict 

V1 using this Global activity, face movements, stimulus kernels, and the null term. This “Full” model 

achieved over half of the predictive power of the Local model (15.9 ± 1.1% for Full vs 26.7 ± 1.7% for 

Local, Fig 3.3H, I). Adding Global predictors to the Local model did not improve performance (Fig 3.3I), 

consistent with the assumption that all V1 signals arising from external sources are also shared locally 

among neurons within the V1 population. 
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Figure 3.3: Globally-shared activity patterns account for a majority of local spike count 
variability and subsume nearly all behavioral contributions 

A. Left, schematic of cortex-wide optogenetic inhibition (via injected DLX2.0-Chrimson) and 
widefield calcium imaging (via transgenic GCaMP8s). Colored circles indicate laser target locations. 
Right, map of V1 responses to inhibition at each target (25 ms pulses, 0.75 mW). Circle color indicates 
mean change in V1 fluorescence following inhibition (n=620 trials, n=8 sessions). Circle size indicates 
statistical significance (two-sided one-sample t-test on per-session means of baseline versus response, 
Benjamini-Hochberg corrected across targets). Targets adjacent to V1 are excluded for clarity (see B). 
B. V1 response magnitude as a function of distance from V1 to the optogenetic target. Circle size 
indicates significance as in A. Colors correspond to target locations in A. C. Time series of V1 (blue) 
and ACA (red) calcium responses during ACA-targeted optogenetic inhibition (±0.75 mm ML, +0.5 mm 
AP; 400 ms, 1 mW; n=400 trials, example session). Red bar indicates laser stimulation period. D. Left, 
schematic of dual Neuropixels 2.0 probe recording in V1 and ACA. Right, example simultaneously 
recorded time series: face motion SVD component 1 (magenta), mean V1 spiking (blue), and mean 
ACA spiking (red). Gray bars indicate stimulus presentations. E. Spike count matrices from 
simultaneously recorded V1 (blue, top) and ACA (red, bottom) populations, binned at 35 Hz (~28.6 ms), 
from one session. F. Left, schematic of widefield calcium imaging paired with Neuropixels 2.0 recording 
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in V1. Right, example simultaneously recorded time series: face motion SVD component 1 (magenta), 
mean V1 spiking (blue), and the first-order difference of widefield SVD component 1 (green). Gray bars 
indicate stimulus presentations. G. Average frame from widefield calcium imaging with cortical area 
boundaries overlaid (left), and spatial masks of the top four SVD components (right). H. Recorded V1 
population activity (left), Behavior+Stimulus model prediction (middle), and ACA Global+Stimulus 
model prediction (right) for one session. Gray bars indicate stimulus presentations. I. Total 
cross-validated D² (circles) and unique D² (squares) for each model, averaged across sessions. Unique 
D² is computed relative to the Full model (containing all predictors). J. Schematics of two hypotheses 
for single-trial Global model performance. Hypothesis 1: global signals carry only behavioral 
information, predicting that Global and Behavior model performance are correlated across trials. 
Hypothesis 2: global signals carry additional non-behavioral information, predicting that the Global 
model outperforms Behavior on trials with and without overt behavior. K. Single-trial D² from the ACA 
Global model (left) or widefield Global model (right) versus the Behavior model, both relative to the Null 
model. Each point is one trial; colors indicate local point density. Red contour lines indicate density. 

The “Global” model, which included nonlocal activity and the null term but not behavior or 

stimulus kernels as predictors, was significantly better than the Behavior model in predicting V1 spike 

counts (8.3 ± 0.7% for behavior, 11.7 ± 1.2% for ACA (two-sided paired t-test p<0.01), 11.7 ± 0.9% for 

widefield (two-sided paired t-test p<0.05), Fig 3.3I). Some of the widefield Global prediction, but not the 

ACA Global prediction, included stimulus-related variability (Fig. 3.S8). Moreover, when Global predictors 

were included in the model, Behavior predictors did not add explanatory power. We computed the unique 

contribution of each predictor by removing it from the Full model and quantifying the reduction in 

performance (see Chapter 3.2.5). The unique contribution of behavior was nearly zero (0.5 ± 0.2%). The 

lack of unique explained variability for the Behavior model relative to the Global model was unlikely due to 

undersampling of the behavioral space. In prior work, it had been observed that cortical population activity 

predictions were minimally improved with additional videos of the mouse beyond the face, due to the high 

correlation of bodily with facial movements (Manley et al., 2024). In principle, both ACA and V1 could 

receive copies of the same behavioral signal that give rise to the ability of ACA to predict V1. Our 

optogenetic experiments demonstrate that arbitrary non-behavioral signals injected into ACA do transmit 

to V1, confirming the possibility that activity patterns in ACA unrelated to behavior may directly contribute 

to variability in V1. We recorded both the subject’s body and face in a subset of sessions, and also found 

that body movements were highly correlated with face movements (Fig. 3.S9B, C). To test this another 

way, we considered that if Global model predictions of V1 truly only reflected behavioral signatures, then 

this information should not be predictive of V1 activity on trials when mice are sitting very still with no 

overt behaviors (Fig 3.3J, Hypothesis 1). Under this hypothesis, higher predictability with the Global 

model reflects better predictions than the Behavior model on the same trials, potentially arising from a 
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higher-resolution representation of the same behavioral information. If instead the Global activity carried 

both behavioral and other, non-behavioral predictive signals, then the trials without behavior would still be 

predictable from the Global model (Fig. 3.3J, Hypothesis 2). We found that trials in which behavior held 

no predictive power were nevertheless predictable from global activity, consistent with Hypothesis 2 (Fig. 

3.3K; ACA). The superior predictability of V1 activity by the Global model relative to the Behavior model 

was consistent across synchronized and desynchronized cortical states (Fig. 3.S6E, F). These results 

demonstrate that the predictions of V1 activity by global signals include fundamentally distinct factors 

rather than being a more detailed representation of behavior alone.  

Figure 3.4: The V1-Behavior manifold is a subspace of the Global manifold, and shares 
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dimensions but not temporal structure with the Stimulus manifold.  
A. Schematic of predicted low-dimensional manifolds in the V1 neural space. Each manifold 

represents the subspace of V1 activity patterns predicted by a given model. B. Distribution of manifold 
dimensionality across all models (Null, Stimulus, Behavior, Global, Local, and their combinations), 
cross-validation folds, and sessions (n=298 total). Dashed line indicates the minimum number of 
predicted V1 neurons. C. Manifold dimensionality versus p-RRR model rank (same models as B). 
Points generally fall near the diagonal; slight deviations arise from the softplus nonlinearity in p-RRR. 
D. Percentage of nonlocally predicted variance (from Stimulus, Behavior, or Global models; colors) 
captured by the Local manifold alone (x-axis) versus by the combined Local+nonlocal manifold (y-axis). 
Points near the diagonal indicate that the Local manifold already captures the nonlocal prediction, 
meaning no additional dimensions are needed. Insets illustrate the two possible outcomes: nonlocal 
activity fully contained within (right) or extending beyond (left) the Local manifold. E. Percentage of 
combined Global+Behavior predicted variance captured by the Local, Global, or Behavior manifold 
individually. If the Global manifold fully contains the Behavior manifold, it should capture all combined 
variance. Local and Global do not differ significantly (p=0.99, two-sided paired t-test). F. Percentage of 
Stimulus-predicted variance captured by the Behavior (purple) or Global (red) manifold (y-axis) versus 
by the Null manifold (x-axis). Points above the diagonal indicate that the manifold captures 
stimulus-related variance beyond what is explained by slow drift alone. G. Individual and shared D² of 
Stimulus and Behavior models (left bar) and Stimulus and Global models (right bar; one-sided t-test 
against zero across sessions, p<0.001). Individual D² quantifies variance explained by each model; 
shared D² quantifies variance jointly explained by both models. All terms are computed after subtracting 
the Null model contribution (see Chapter 3.2.4). H. Temporal correlation between Stimulus-Behavior or 
Stimulus-Global model predictions projected onto their shared neural dimensions (see Chapter 3.2.7). 
Higher values indicate that the two models not only share subspace geometry but also co-fluctuate in 
time along those dimensions. Correlation is significantly higher for Stimulus-Global than 
Stimulus-Behavior (n=12, p<0.001, one-sided paired t-test). I. Left, temporal correlation between pairs 
of projected activities along the top Stimulus-Behavior shared dimension (the dimension within the 
Behavior manifold capturing the most stimulus-related variance) across sessions. Right, projected time 
series for an example session: recorded V1 activity, Local, Stimulus, and Behavior model predictions. 
Shaded regions indicate stimulus presentations. J. Same as I, with the Global model substituted for the 
Behavior model. 

 

The finding that behavioral variables predicted no unique variance relative to global neural 

measurements could be consistent with multiple different organizations of activity in the population space. 

To disambiguate, we conducted a geometric analysis, which revealed that Stimulus, Behavior, and Global 

predictors act within the subspace spanned by local peer activity, and that Global and Behavior predictors 

occupy nested subspaces within it. Following previous studies (Cunningham and Yu, 2014; Gallego et al., 

2018, 2017; Sadtler et al., 2014), we took V1 neural space as a high-dimensional space where each axis 

represents the activity of one neuron. For all models, both the optimal model rank and prediction 

dimensionality were significantly lower than the number of simultaneously recorded neurons (Fig 3.4A-C), 

suggesting that the predictable activity mainly evolves on low-dimensional manifolds of the neural space. 

To identify the manifold for each model, we applied principal component analysis (PCA) to the model 

prediction, and defined its manifold as the r-dimensional subspace spanned by the top r PCs capturing 
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over 99% variance (Gallego et al., 2018). To quantify the alignment between the Local and Global 

manifolds, for example, we computed the percentage of variance of the Global model prediction that was 

captured within the Local manifold (see Chapter 3.2.7). Larger values indicate that more variance is 

captured by shared neural modes between the two manifolds, and thus a higher degree of alignment. 

Stimulus, Behavior, and Global predictors did not drive activity along dimensions beyond those 

captured by local peer activity. Consistent with results from the unique variance analysis (Fig 3.3I, Fig. 

3.S8G), we found that the Stimulus, Behavior, and Global manifolds were subspaces of the Local 

manifold. Combined Local+Global, Local+Behavior, and Local+Stimulus manifolds did not explain 

significantly more variance than the Local manifold alone (Fig. 3.4D; two-sided paired t-tests, p>0.7). Note 

that a subset of points falling below the diagonal (i.e., the Local+P manifold capturing slightly less 

variance than the Local manifold alone) may reflect estimation variability introduced by cross-validation 

and model fitting (Fig. 3.S10D-F). 

Next, we showed that the Global manifold contained the Behavior manifold, and extended into 

unique dimensions. To test this, we asked how much of the combined Global+Behavior prediction was 

captured by each manifold individually. If the Global manifold contains the Behavior manifold, it should 

capture all of the combined variance; if not, the combined manifold should extend beyond either one 

alone. Nearly all of the combined model variance was captured within the Global manifold (98%), which 

did not differ significantly from captured by the Local manifold (Fig. 3.4E; two-sided paired t-test, p=0.99). 

In contrast, the Behavior manifold captured significantly less (p<0.001, one-sided paired sample t-test; 

Fig. 3.4E), indicating that the Global model predicts along dimensions not predicted by Behavior, but not 

vice versa. 

The Stimulus manifold shared dimensions with both the Behavior and Global manifolds, but only 

carried correlated temporal information with the Global manifold. Both the Behavior and Global manifolds 

captured more stimulus-predicted variance than the Null manifold alone (p<0.001 for both, one-sided 

paired sample t-test; Fig. 3.4F), indicating shared dimensions with the Stimulus manifold in both cases. 

However, shared geometry does not necessarily imply shared temporal structure. The Stimulus and 

Behavior models explained nearly non-overlapping portions of D2 (Fig. 3.4G; not significantly greater than 

zero, one-sided t-test p>0.5), whereas the Stimulus and Global models shared significant D2 (Fig 3.4G; 
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shared D2 = 1.9%, p<0.001, one-sided t-test against zero). Projecting predictions onto stimulus-behavior 

shared dimensions supported this dissociation: the two predictions showed little temporal correlation (Fig 

3.4H, I). In contrast, stimulus and global predictions were temporally correlated along their shared 

dimensions (Fig 3.4H, J). These results indicate that behavior-related predictions share subspace 

geometry but not temporal structure with stimulus-driven activity, while global signals share both. Together 

with results from the explained variance comparison (Fig 3.3), the geometric manifold analysis suggests 

that most of the behavior-related V1 variability is embedded within shared fluctuations coordinated across 

the brain.  

3.4 Discussion 

3.4.1 Summary of findings 

We used Poisson reduced-rank regression to partition trial-to-trial variability in V1 spike counts 

across stimulus, behavioral, locally shared, and globally distributed sources. A low-dimensional subspace 

of locally shared V1 activity accounted for most super-Poisson variability at the population level. Globally 

distributed activity, captured either by ACA spiking or mesoscale widefield imaging, accounted for more 

than half of this locally explainable variability. Behavioral measurements alone captured significantly less 

variability than global signals, and added no further explanatory power when combined with them. 

Consistent with this finding, geometric analysis revealed that globally predicted activity contained 

behavior-related variability as a subspace, and extended into additional dimensions unrelated to behavior. 

Together, these results indicate that single-neuron variability in V1 substantially reflects activity distributed 

across cortex, rather than fluctuations private to V1. 

3.4.2 Locally shared activity dominates super-Poisson V1 variability 

​ We adopted a Poisson noise model as a common and simple assumption for spike count 

distributions (Goris et al., 2014; Pandarinath et al., 2018; Yu et al., 2009). Although the 

population-average residual variability was near-Poisson at fast timescales after accounting for locally 

shared modulation, individual neurons were heterogeneous: many had sub-Poisson residuals (Fig. 3.2G, 
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K), consistent with biophysical constraints such as refractory periods (Berry and Meister, 1998; Dayan 

and Abbott, 2005; Ferrari et al., 2018; Kara et al., 2000). The scaling of residual Fano factor with counting 

window size further indicated that not all non-Poisson temporal structure was captured by the model (Fig. 

3.S7). The remaining autocorrelation may reflect cell-autonomous biophysical processes such as 

adaptation, bursting, or subthreshold oscillations. These processes, when private to individual neurons, 

would be unrelated to the shared population patterns captured here.  

A subtlety of our results represents a key deviation from the Poisson model: while the population 

average of unexplainable variance was close to Poisson, this property was highly heterogeneous across 

neurons, with some neurons exhibiting reliably less unexplainable variance and others reliably more (Fig. 

3.2G, J). One possibility to explain this outcome is that different cell types have different levels of 

explainable spike count variability. We separately analyzed neurons by waveform duration, and observed 

only weak differences in Fano factor (Fig. 3.S6A). A finer division by cell type identity in the future, using 

opto-tagging, could resolve this question further. A more intriguing possibility is that approximate Poisson 

variability is enforced by mechanisms at the population level, with individual neurons deviating from this 

pattern to reflect specific roles in the network.  

​ Our results position V1 spike count variability within the modulated Poisson framework 

explored in prior work (Goris et al., 2014; Rabinowitz et al., 2015; Rupasinghe et al., 2026), while 

extending it in two ways. First, the modulating signal is multi-dimensional rather than scalar, and its 

dominant components are identifiable from simultaneously recorded neural and behavioral signals. 

Second, in prior approaches rate inhomogeneity has been captured with a multiplicative gain factor, 

whereas our model captures rate fluctuations using a nonlinear transformation of additive contributions 

from identified sources. The particular nonlinearity used here implements a form of multiplicative 

interaction between the additive predictors (Fig. 3.S2I), and prior work has shown that additive and 

multiplicative formulations can yield similar quality of fit (Lin et al., 2015). Although these formulations may 

perform similarly in accounting for the data, they imply different mechanisms by which shared factors 

influence neuronal activity, and disambiguating them will require more mechanistic approaches.  
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3.4.3 Globally distributed activity accounts for the majority of locally shared variability 

Globally distributed activity, captured by either ACA spiking or mesoscale widefield imaging, 

accounted for more than half of the locally explainable variability in V1 (Fig. 3.3I). Behavior-related signals 

have been widely reported to predict cortical activity (Manley et al., 2024; Musall et al., 2019; Steinmetz et 

al., 2019; Stringer et al., 2019b). Our results show that, in V1, this behavior-related variability is a subset 

of a broader globally distributed signal: behavior captured part but not all of the global modulation, and 

added nothing beyond what was already captured by ACA spiking or widefield activity. Geometric analysis 

of the predicted activity subspaces was consistent with this partition, showing that globally predicted 

activity contained behavior-related variability as a subspace and extended into additional dimensions 

unrelated to behavior (Fig. 3.4). These additional dimensions may reflect internal cortical states, top-down 

signals, or other distributed processes not directly observable in overt behavior. 

3.4.4 Model assumptions and limitations 

​ Our model makes several key assumptions. First, we focus primarily on capturing 

variability on faster timescales of milliseconds to seconds. The baseline Null model accounts for activity 

slower than 0.1 Hz, for example fluctuations with slow temporal dynamics (Goris et al., 2014; Hénaff et 

al., 2020; Rabinowitz et al., 2015). Second, the model assumes that neuron spike counts are described 

by a linear combination of predictive factors (Musall et al., 2019; Semedo et al., 2019) with a nonlinearity 

after summation (Park et al., 2014; Pillow et al., 2008). While such models have provided good fits to 

spike count data in a variety of contexts, we have not explored the extent to which model fits could be 

improved with, for example, nonlinear interactions between predictors (Ecker et al., 2014; Goris et al., 

2014; Rabinowitz et al., 2015; Rupasinghe et al., 2026; Syeda et al., 2024). Third, we assume that 

predictive relationships are static over time. However, V1 stimulus representations may drift on slow 

timescales (Deitch et al., 2021) and cortical dynamics may be better accounted for by HMM-derived 

states (Akella et al., 2025; Ashwood et al., 2022; Engel et al., 2016; Escola et al., 2011), switching 

dynamical systems (Linderman et al., 2017), or other kinds of non-stationary models. In the future, 

models that allow for non-stationarity in predictive relationships may improve fits. Due to these 

assumptions, our model represents only a lower bound of the possible predictive performance. 
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Considering the Global model, if a version were devised with substantially superior performance, either 

due to improved model design or extended measurements of global neural activity, this would only 

strengthen our conclusion that a majority of spike count variability is shared globally.  
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Chapter 4: Discussion 

4.1 Summary of findings 

Chapter 2 introduced a system for simultaneous mesoscale imaging and optogenetic 

manipulation of dorsal cortex, combining spectrally separate calcium indicator and opsin with scanning 

illumination through a shared optical path. Using this system, we found that activity in homotopic regions 

was strongly correlated across hemispheres, but optogenetic perturbation of one hemisphere produced 

little change in the other except near the midline. This discrepancy was also reflected at the level of single 

neurons. Therefore, bilateral correlation may not reflect direct interhemispheric communication in most of 

dorsal cortex. Preliminary work suggested that a hierarchy of intrinsic timescales defined by local circuit 

manipulation may be inverted relative to the hierarchy defined by autocorrelation. 

Chapter 3 introduced a Poisson reduced-rank regression framework to partition trial-to-trial 

variability in V1 spike counts across local, behavioral, and globally distributed sources. Locally shared V1 

activity accounted for most super-Poisson variability at the population level. Globally distributed activity, 

measured by simultaneous brain-wide recordings, accounted for more than half of this variability and 

added no variance beyond what behavior captured. Together, these results indicate that single-neuron 

variability in V1 substantially reflects activity shared with the rest of cortex, rather than fluctuations private 

to V1.  

4.2 Implications for understanding distributed cortical dynamics 

The findings in this dissertation reframe trial-to-trial variability in single cortical regions as a 

signature of distributed organization rather than a property of local circuits. The dominant frameworks for 

thinking about V1 variability have emphasized within-region modulation (Ecker et al., 2014; Goris et al., 

2014; Lin et al., 2015; Rabinowitz et al., 2015), local inter-areal coupling among visual cortical regions 

(Akella et al., 2025; Semedo et al., 2019), and behavior-related modulation distributed broadly across 

cortex (Musall et al., 2019; Stringer et al., 2019b). Chapter 3 extends each of these frameworks by 
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showing that the relevant shared signals are multi-dimensional, linked to identifiable sources, and extend 

beyond local visual circuits and overt behavior. 

The mechanistic and functional nature of these global signals is unknown. In our analyses of 

locally-shared spiking variability, the activity patterns we term “Local” may not be truly local in origin in the 

sense of arising purely from local recurrent activity. They may be instead driven by inputs to V1 that we do 

not measure in Chapter 3, such as neuromodulatory (Pinto et al., 2013) or subcortical activity (Hu et al., 

2019; Peters et al., 2021; Ye et al., 2026), and determining their origins would require extended 

measurements and causal manipulation of potential sources. However, dissecting causality via bulk 

stimulation (e.g., optogenetics or pharmacological manipulation) is challenging due to state changes and 

off-target effects potentially elicited by these techniques (Li et al., 2019; Otchy et al., 2015; Yizhar et al., 

2011). Manipulation of specific patterns of activity at single-cell resolution, for example with two-photon 

holographic stimulation (Packer et al., 2015), may be required. 

In addition to the anatomical mechanisms by which global signals are distributed across the brain, 

our work raises the question of what information they carry beyond behavioral movements. Our data 

suggest that they are not simply a richer readout of behavior; the Global model was predictive even on 

trials without overt behaviors (Fig. 3.3K), and global signals contain predictive dimensions orthogonal to 

behavior (Fig. 3.4). This asymmetry implies that global signals carry information between cortical areas 

that is not captured by overt movements. These globally shared fluctuations may reflect internal cognitive 

processes, such as memory consolidation (Nguyen et al., 2024), long-term behavioral planning, or covert 

attentional modulation (Speed and Haider, 2021). 

4.3 Correlational versus causal measures of cortical dynamics 

The experiments in Chapter 2 directly tested whether correlated activity between cortical regions 

reflects direct communication between them. Homotopic areas were among the most strongly correlated 

pairs and are linked by dense callosal projections (Oh et al., 2014). However, optogenetic suppression of 

one area generally produced little change in its homotopic partner. The same divergence appeared at the 

level of single neurons: correlational maps were spatially broad, while causal maps were more localized. 
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Therefore, correlated activity across hemispheres likely reflects common inputs, perhaps from subcortical 

structures or neuromodulatory activity. 

Similar considerations extend to the Global predictors in Chapter 3. A majority of explainable 

trial-to-trial variability in V1 is predictable from activity in ACA and across dorsal cortex. The mechanism 

may be common input, direct projections, or a combination. Optogenetic perturbation of ACA did produce 

changes in V1 activity, establishing a causal pathway between them. However, whether this pathway 

carries the patterns of activity for trial-to-trial variability is an open question, as Chapter 2 demonstrates 

that common input may dominate the correlation between two regions even with direct projections. 

4.4 Limitations 

The manipulations in Chapter 2 and the observations of global activity in Chapter 3 were limited 

to dorsal cortex. The partition of global activity therefore represents a lower bound on possible model 

performance. Although we perturbed ACA and observed a change in V1 (Chapter 3.3), ACA also reaches 

V1 indirectly through superior colliculus and thalamus (Bennett et al., 2019; Hu et al., 2019; Zhang et al., 

2014), and thus our experiments do not identify which of these routes carried the effect. More broadly, 

thalamic and other subcortical structures may participate in distributed cortical fluctuations as strongly as 

cortex itself. Inactivating cortical targets produced structured responses in thalamic neurons, with a range 

of timescales and temporal profiles (Chapter 2.3.3). Broader coverage would be expected to increase the 

estimated extent of distributed influence. 

The experiments described used head-fixed mice passively viewing visual stimuli or resting 

spontaneously. This preparation supports stable imaging and recording, but may span a narrower range 

of behavioral and arousal states relative to natural behavior. For example, the global activity identified in 

Chapter 3 may differ in magnitude or structure during tasks that impose greater cognitive demand. 

Similarly, the causal influence of one cortical region on another may depend on behavioral state. 

4.5 Future directions 

The system described in Chapter 2 opens several directions beyond the experiments reported 

here. First, mapping the zone of influence of each cortical location, i.e. the specific set of areas affected 
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by its inactivation, would characterize the causal architecture of dorsal cortex systematically. We expect 

this influence may be asymmetrical between any pair of areas. Second, future studies can leverage this 

technique to further investigate neural correlates of behavior. Rather than inferring manipulation targets, 

areas engaged during specific behaviors can be identified by imaging and then perturbed directly to test 

their causal contribution. 

Extensions of the system allow for a wide range of experimental designs. For example, any 

combination of promoters may be used to drive the GCaMP sensor and opsin expression, which 

facilitates the study of cell type function in distributed neural circuits. The addition of high-density 

electrophysiology provides additional resolution and allows for linking the activity of deeper brain 

structures to causal perturbations and mesoscale dynamics in cortex (Huo et al., 2020). The ability to 

record and manipulate across the entire dorsal cortical surface also provides the opportunity to perform 

closed-loop perturbations at the mesoscale. 

Chapter 3 demonstrated that global activity predicts a majority of explainable trial-to-trial 

variability in V1. Optogenetic experiments showed a potential causal pathway from ACA to V1, consistent 

with prior work. However, these experiments do not establish that the predictive relationship is mediated 

by such a pathway. Testing this hypothesis would require simultaneous ACA and V1 recording during 

ACA stimulation, asking whether the perturbation changes V1 activity along the dimensions identified by 

the Global model. However, as described in Chapter 4.2, bulk manipulation induces state changes and 

off-target effects, and the perturbation would itself alter the global activity whose influence is being tested. 

Manipulations at single-cell resolution may be required to induce specific patterns of activity rather than 

suppressing an entire region. 
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Supplementary Figures 

Chapter 2 Supplementary Figures 

Figure 2.S1: Scale diagram of microscope with combined imaging and optogenetic light paths. 

 
A. To-scale schematic of microscope system described in Chapter 2. 
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Figure 2.S2: Spatial calibration of imaging field of view and galvo-directed targeting. 

A. Frames captured by widefield microscope with ruler placed in the field of view. Each square is 1 x 1 
mm. Left, 560 x 560 px FOV (after 3x3 binning) as used in experiments. Middle, maximum FOV size 
after 3x3 binning; camera sensor is 2464 x 2056. Right, field of view with implant well. B. Diameter of 
the laser beam via mirror placed at sample plane. Each pixel is 17.3 µm. C. Distance of galvo-directed 
laser movement with analog voltage control. Each square is 1 x 1 mm. Left, coordinates indicate (X, Y) 
galvo position in volts. Middle, working range of galvo-directed laser movement. X and Y galvo targets 
span -2 to 5 V in 1 V steps. Right, range of movement with implant well. D. Spatial profile of laser 
transmission as a function of galvo position. Reduced transmission is caused by eclipsing of the beam 
at the edges of optical components. 
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Figure 2.S3: Fitting and across-subject generalization of widefield-to-spiking deconvolution 

kernel. 
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A. Schematic of deconvolution kernel fitting. A linear regression predicts measured population 
spiking (y, blue) from time-lagged copies of the simultaneously recorded widefield calcium signal 
(design matrix X, green). The dark green trace (Ct) is the unshifted signal; light green traces are copies 
shifted by lag, from Ct−n to Ct+n. The fitted weights (k, purple) form the deconvolution kernel, plotted on 
the right as a function of lag. Lines indicate kernels from individual subjects. Calcium and spiking were 
recorded at the same cortical site with simultaneous widefield imaging and Neuropixels 
electrophysiology. B. Generalization across subjects. Measured population spiking in subject B (light 
blue) overlaid with deconvolved activity from the same subject, using a kernel fit to subject B's own 
data (dark gray) and a kernel fit to a different mouse, subject A (light gray). All traces z-scored.  



Figure 2.S4: Electrophysiological responses to laser stimulation across sessions and cortical 

depth. 

A. Heatmap of binned spikes relative to laser stimulus for four sessions across three subjects. Units are 
categorized by significance and direction of laser response (paired t-test between pre- and 
post-stimulus spike counts, p<0.05 per unit): enhanced (red), suppressed (blue), and non-significant 
(gray). B. Mean firing rate timecourse for each category in C. Shaded regions indicate s.e.m. across 
units. Red bar indicates laser stimulus. C. Spike rate change during laser stimulus as a function of unit 
depth on probe. Neurons are colored by their response category. 
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Figure 2.S5: Visual cortex fluorescence during red-laser photostimulation and during 

spontaneous activity in GCaMP-only control mice. 

 
A. Continuous visual cortex fluorescence in GCaMP-only control mice during 638 nm photostimulation 
of anterior/lateral targets near the eye (left) and during a spontaneous epoch of the same session 
(right). Vertical red bands are laser pulses, colored by power. Grey band is ±1 s.d. of that subject’s 
spontaneous activity. B. As A, for midline and posterior targets. 
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Chapter 3 Supplementary Figures 

Figure 3.S1: Natural image stimuli and validation of image-specific encoding scheme. 

A. Natural image stimuli shown in experiments. B. Schematics of stimulus encoding schemes. 
Left, each unique image is represented by 31 binary vectors, with each row corresponding to a specific 
temporal offset for a specific image (block-diagonal structure). This encoding scheme is used 
throughout the work. Right, an alternative encoding scheme that does not uniquely identify images. 
Each row corresponds to a specific temporal offset shared across all images. C. Trial-averaged 
recorded responses (blue) and Stimulus model predictions using the image-specific (pink) and 
image-agnostic (green) encoding schemes from B. Each subplot shows the response to one image. 
Shaded regions indicate stimulus presentations.  D. Same as C, for a second example neuron. E. 
Distribution of the difference in cross-validated D2 score between the image-specific and 
image-agnostic encoding schemes, across all neurons. Dashed lines indicate example neurons from C 
(cyan) and D (magenta). 
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Figure 3.S2: Poisson-RRR recovers ground-truth structure and outperforms linear RRR. 

A. Cross-validated D2 performance on ground-truth simulated data (see Chapter 3.2.4), as a 
function of rank and L2 regularization weight. The optimal rank was 10, matching the rank used to 
generate the ground-truth weights. B. p-RRR recovered weights (blue) and bias (red) versus ground 
truth weights and bias. C. Distribution of p-RRR ranks selected via cross-validation across all sessions 
and predictor types (n=88 models). D. Distribution of L2 regularization weights selected via 
cross-validation, shown as a heatmap across predictor types and weight values (all sessions combined; 
see Chapter 3.2.4). E. Cross-validated R2 (top) and D2 (bottom) for individual neurons in an example 
session, comparing p-RRR (x-axis) and linear RRR (y-axis). For D2 computation, negative RRR 
predictions were clipped to machine epsilon (~2x10-16). Colored letters indicate example neurons 
shown in F-H. F-H. Recorded spiking (black), p-RRR predictions (pink), and linear RRR predictions 
(blue) for three example neurons indicated in E. Below each, the Poisson log-likelihood of each model’s 
prediction and the squared error difference (RRR minus p-RRR) are shown; pink shading indicates 
where p-RRR achieves lower error, blue where RRR does. Gray bars indicate stimulus presentations. I. 
Simulated variance-mean relationships under additive, multiplicative (Goris et al., 2014), and softplus 
(p-RRR) models of trial-to-trial variability, for three levels of input noise variance. 
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Figure 3.S3: Full model predictors track transient cortical state changes in V1. 

A. Normalized Bayesian information criterion (BIC) as a function of the number of HMM states. 
BIC scores for each session were normalized by the 1-state model score to make values comparable 
across sessions. Error bars indicate s.e.m. across sessions. B. Mean firing rate of all neurons (n=2722) 
in the High state versus the Low state of the 2-state HMM (92.8% of neurons fired faster in the High 
state; High-Low = 5.4 ± 0.5 spikes/sec, mean ± s.e.m. across neurons; two-sided paired t-test across 
sessions, p<0.001). C. Binned spike rates for simultaneously recorded V1 neurons (rows) over time 
(columns) in an example session. Gray bars indicate stimulus presentations. D. HMM states fit to V1 
population activity (magenta), decoded from Full model predictors (cyan), and decoded from Null model 
predictors (black) for the same time period as C. Decoded states are from held-out time points. E. 
Cross-validated decoding accuracy of HMM states from Full model predictors as a function of minimum 
state duration. Error bars indicate standard deviation across sessions. Dashed lines indicate chance 
level (50%) and 90% accuracy. 
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Figure 3.S4: Local model variants and low-dimensional local population structure. 

A. Schematics of two Local model variants. Left (“half-half”), recorded V1 neurons are split into 
random halves serving as predictors and targets, and p-RRR is fit with rank constraint (as in Fig. 1L, 
M). Right (“leave-one-out”), a single-target model is fit for each V1 neuron using all other 
simultaneously recorded V1 neurons as predictors; p-RRR reduces to a Poisson-GLM in this case (as 
in Fig. 1J, K). B. Cross-validated D2 for the half-half Local model as a function of the number of random 
splits, compared to the leave-one-out model (dashed pink) and Null model (dashed gray). Performance 
improves with more splits because averaging reduces cases where a target neuron’s most predictive 
peers happen to fall in the target set. Even a single split performs only slightly below leave-one-out, 
suggesting that most V1 neurons are driven by shared low-dimensional fluctuations rather than strong 
pairwise correlations with specific peers. C. Schematic of rank-constrained population simulation. Spike 
trains were generated from a simulated population with a known rank constraint (see Chapter 3.2.4). D. 
Cross-validated D2 as a function of the number of local predictors for simulated populations with varying 
rank constraints (colors) and experimental recordings (gray, averaged across sessions). The observed 
scaling from data most closely resembled simulated populations with low rank (e.g., r=4). 

 

82 



Figure 3.S5: The Local model represents the majority of shared fluctuations in V1. 

A. Cross-validated D2 of each model normalized by the Local model D2, for each session 
(lines). Values above 1 indicate better performance than the Local model alone. B. Poisson simulation 
z-score (see Chapter 3.2.5) as a function of the number of local peer predictors. Points and error bars 
represent mean and s.e.m. across neurons. C. Fraction of neurons with Poisson simulation z-score 
greater than -3 as a function of the number of local peer predictors. Points and error bars represent 
mean and s.e.m. across neurons. D. Residual Fano factor as a function of the number of local peer 
predictors in the single-target Local model. Each line represents one session. Colors indicate example 
sessions shown in E. E. Distribution of residual Fano factor for individual neurons after accounting for 
the Local model predictions, using the maximum number of available peers. Colors correspond to 
sessions in D. F. Residual Fano factor as a function of number of local peer predictors, with linear 
(blue) and quadratic (orange) extrapolations to larger population sizes. Annotated values indicate the 
extrapolated residual Fano factor at 212 and 216 neurons. 
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Figure 3.S6: The Poisson measures are reliable, state-dependent, and weakly correlated with 
basic neuron properties. 

A. Fano factor of individual neurons as a function of mean spike rate (left; Spearman ⍴=-0.22, 
p<0.001; n=2722 neurons), spike waveform width (middle; Spearman ⍴=-0.19, p<0.01; n=1871 
neurons, units with inverted waveforms excluded), and depth on probe (right; Spearman ⍴=-0.11, 
p=0.02; n=2722 neurons). Waveform width is the time between peak and trough. B. Poisson simulation 
z-scores computed from different cross-validation blocks. C. Null model-predicted mean firing rate 
versus recorded mean firing rate across neurons. D. Left, Poisson simulation z-score with adjusted 
mean (y-axis) versus unadjusted mean (x-axis), where "adjusted" means the Null model prediction was 
additively offset to exactly match the recorded mean firing rate on held-out data. Right, distribution of 
z-scores before (blue) and after (orange) mean adjustment. E. Example trials from an example session, 
sorted by synchronization category (desynchronized to synchronized, left to right). Rows are neurons, 
color indicates spike rate. F. Fano factor (blue) and residual Fano factor after accounting for Behavior 
(purple), Global (red), or Local (pink) model predictions, across synchronization categories. Error bars 
indicate s.e.m. across neurons. 
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Figure 3.S7: Fano factor increases with integration window. 

A. Tuning curves across images for five example V1 neurons (columns) from one session. Blue 
arrow and point indicate the image used for panels B–D. Error bars indicate s.e.m. B. Spike rasters for 
all trials (n=150) of the image indicated in A. Gray shading indicates stimulus duration. C. Peri-stimulus 
time histograms for each example neuron, computed with 1-bin (28 ms), 5-bin (143 ms), and 10-bin 
(286 ms) counting windows. D.Fano factor computed across all ten images as a function of time 
relative to stimulus onset, for each counting window size. E. Residual Fano factor (left of each pair) and 
Fano factor distributions (right of each pair) computed with 5-bin (left) and 10-bin (right) counting 
windows. Format as in Fig. 2F, G. F. Poisson simulation z-score distributions computed with 5-bin (left) 
and 10-bin (right) counting windows. Format as in Fig. 2K. G. Cross-validated total variance explained 
(circles) and unique variance explained (squares) for each model, computed with 5-bin (left) and 10-bin 
(right) counting windows. 
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Figure 3.S8: Stimulus-related variability in the Global model. 

A. Mean V1 population response to each natural image stimulus in an example session. Each 
row shows one image; colors correspond to image identity. Gray shading indicates stimulus duration. 
B. Schematic of the decoding pipeline. Left, single-trial responses are flattened so that each row is one 
trial and columns index neuron × timepoint combinations. Right, PCA is applied to training data, and 
held-out trials are projected onto the top 200 components as inputs to a linear discriminant decoder. C. 
Held-out single trials projected onto the top two linear discriminant axes. Colors correspond to image 
identity, as in A. D. Distribution of posterior probability assigned to the correct image on each held-out 
trial. Colors correspond to image identity, as in A. E. Cross-validated decoding performance (mean 
posterior probability of the correct image) as a function of the number of V1 neurons used for decoding. 
Each line represents one session. F. Cross-validated decoding performance using recorded V1 
neurons or model-predicted V1 activity from Stimulus, Behavior, ACA Global, and widefield Global 
models. G. Partition of mean D² into unique and shared components across Stimulus, Behavior, and 
Global predictors. Unique contributions (Stim, Global, Behav) reflect D² exclusively attributable to one 
predictor. Shared components reflect D² jointly attributable to predictor pairs (Global&Stim, 
Global&Behav, Behav&Stim) or all three (Global&Behav&Stim). All terms are computed after 
subtracting the Null model contribution. 
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Figure 3.S9: Considerations for the Behavior model. 

A. Cross-validated D² from the Behavior model versus the Null model for individual neurons 
across all sessions (paired t-test across sessions, p<0.001). B. Left, example frames from face (top) 
and body (bottom) video cameras. Right, example time series of the top 5 temporal SVD components 
from each video. C. Overlaid time series of face (blue) and body (red) motion energy from an example 
session. Correlation coefficient is computed across the entire session. D. Example frame from the face 
video with the spatial loading of the top SVD component overlaid (red). E. Left, time series of the 
temporal SVD component corresponding to D. Dashed vertical lines indicate reward deliveries. Right, 
expanded view of the region indicated by the black box in the left panel. F. Cross-validated D² using 
reward times alone, face video alone (“Behavior” model), or reward times and face video together 
(Wilcoxon signed-rank test across sessions, Reward-Face, p<0.001, Face-Face+Reward, p=0.08). 
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Figure 3.S10: Manifold geometry dependence on the presence of behavior and random 
initialization. 

A. Cross-validated D2 score of the Behavior model versus the Global model (both relative to 
the Null model) on single trials. Trials are categorized as “Behavior” or “No behavior” based on whether 
the Behavior model exceeds the Null model (position on the x-axis). Histograms show distributions of 
the trials on each axis. B. Left, for “no behavior” trials, percentage of variance predicted by combined 
Behavior and Global models accounted for by Local, Global, or Behavior manifolds. Right, as left but 
for “behavior” trials. C. Percentage of variance predicted by combined Behavior and Global models 
accounted for by the Behavior manifold, compared between trials with and without behavior. D. Global-, 
Behavior-, or Stimulus-predicted variance accounted for by manifolds predicted by combined Local and 
nonlocal predictors (y-axis), versus by local peer predictors alone (x-axis), as in Figure 4D, repeated 
across different random initializations (see Chapter 3.2.7). Points and error bars show mean ± s.d. 
across initialization pairs. E. Stimulus-predicted variance accounted for by Behavior or Global manifolds 
(y-axis), versus by Null manifold (x-axis), as in Figure 4F, repeated across different random 
initializations. Points and error bars show mean ± s.d. across initialization pairs. F. Variance predicted 
by combined Behavior and Global models accounted for by Local, Global, or Behavior manifolds, as in 
Figure 4E, repeated across different random initializations. Points and error bars show mean ± s.d. 
across initialization pairs. 
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