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SUMMARY

To understand the neural basis of behavior, it is essential to sensitively and accurately measure neural activity at

single-neuron and single-spike resolution. Extracellular electrophysiology delivers this, but it has biases in the

neurons it detects and it imperfectly resolves their action potentials. To minimize these limitations, we devel-

oped a silicon probe with much smaller and denser recording sites than previous designs, called Neuropixels

Ultra (NP Ultra). Using NP Ultra, neuronal yield in mouse visual cortex recordings increased by more than

2-fold. With ultra-high spatial resolution, we discovered that a feature of extracellular waveforms, the spatial

extent or ‘‘footprint,’’ distinguished axonal from somatic recordings. In addition, three genetically identified

cortical cell types could be discriminated from one another with ∼80% accuracy and from other neurons with

∼85% accuracy. NP Ultra improves yield, detection of subcellular compartments, and cell type identification

to enable a more powerful dissection of neural circuit activity during behavior.

INTRODUCTION

High-density silicon electrode arrays, such as Neuropixels probes,

have enabled prolonged recordings of hundreds to thousands of

neurons across many brain regions in a single experiment.1–3 Their

versatility and robustness have enabled collection of these data-

sets in diverse species, including fish, rodents, monkeys, reptiles,

and humans.4–10 The use of Neuropixels has driven discoveries
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and insights into the nature of decision-making, perception, and

the brain-wide dynamics of neuronal processing.4,7,11–18

Despite these successes, key technical challenges remain.

First, the spatial resolution of previous generations of Neuropix-

els probes is relatively low: the nearest contact-to-contact

spacing is ∼25 μm in Neuropixels 1.0 (NP 1.0) and ∼15 μm in

2.0 (NP 2.0). Accordingly, previous probes cannot optimally

sample fine-scale brain structures, such as small nuclei or thin

cell layers, and have limited ability to finely resolve electrical

fields of individual neurons. Although our knowledge of electrical

fields at the columnar level and beyond, such as the local field

potential (LFP) and electroencephalography (EEG), is exten-

sive,19–23 we have been unable to access electrical fields at

the micrometer scale. Moreover, the low density of previous

probes may undersample extracellular action potentials with

electrical ‘‘footprints’’ (i.e., the detectable spatial extent of the

extracellular action potential) smaller than the span between

electrode contacts, potentially creating a sampling bias against

such small-footprint signals.

In addition, the brain contains a large diversity of cell types, and

extracellular electrophysiology has been limited in its ability to

discriminate between these types.24,25 Classically, extracellularly

recorded neurons in some brain regions, such as the cortex and

striatum, have been separated into coarse cell types on the basis

of features such as waveform shape and firing pattern.26–36 NP 1.0

probes can provide additional coarse morphological information

about the electrical field surrounding a neuron useful for neuron

classification,36–38 but this information may not be detailed

enough to resolve the large diversity of cell types in the brain.

The possibility that higher-resolution electrode arrays could

improve cell type classification remains largely unexplored.

We hypothesized that a probe with increased sampling den-

sity would address each of the above technical challenges by

accessing electrical field microstructures. Here, we describe

‘‘Neuropixels Ultra’’ (NP Ultra), a probe with substantially smaller

and denser recording sites than previous probes. NP Ultra is

effectively an implantable voltage-sensing camera that captures

a planar image of a neuron’s electrical field. This probe exhibits

improved yield, detection, and cell type classification of neurons

and processes across brain regions and species.

RESULTS

Probe design and characterization

We designed a new version of the Neuropixels probe with sub-

stantially smaller and denser recording sites, called NP Ultra.

The probe has 5 × 5 μm titanium nitride (TiN) recording sites on

a 768× 8 grid with 1 μm gaps (for 6 μm center-to-center spacing),

densely sampling a 4.6 mm × 48 μm span of brain tissue

(Figures 1A–1D). The site size and spacing compare favorably

with NP 1.0 probes (12 × 12 μm electrodes and 20 × 16 μm stag-

gered spacing). The probe form factor (shank dimensions and

probe base) is identical to NP 1.0, as are its mechanical character-

istics. Like existing NP 1.0 and 2.0 probes,1,3 NP Ultra records

from 384 channels simultaneously out of the 6,144 total available

sites. NP Ultra features switchable recording sites with multiple

configurations, including 48 × 8 for maximum density, along

with 96 × 4, 192 × 2, and 384 × 1 site arrangements for longer

spans at reduced density (Figures 1E and S1). This flexibility is

achieved using a grouped switching arrangement in which multi-

ple sites share switch memory due to space constraints. These

configurations can be selected at various positions along the

∼4.6-mm total site span. NP Ultra’s substantially higher site

density provides much higher spatial resolution of extracellular

voltages compared with lower-density probes (Figures 1B–1E),

while sacrificing recording span. Recording individual neurons

in vivo with this device revealed detailed portraits of their extracel-

lular action potentials (Figure 1H).

NP Ultra’s smaller recording sites have larger electrical imped-

ance and, accordingly, slightly larger per-channel noise levels,

as predicted,39 but otherwise retain the uniform gain, low cross-

talk, and low light sensitivity of other Neuropixels probes. In self-

referenced noise measurements of NP 1.0 and NP Ultra probes

in saline, we observe a small but significant difference in root-

mean-square (RMS) noise (Figure 1G; 0.26 μV; 95% confidence

interval from t test = 0.19–0.34 μV). Estimating noise within tissue

is complicated by the presence of true biological signals, which

typically far exceed electrode noise. We obtain an approximation

by selecting sites with low activity levels and estimating the noise

with the median absolute deviation, which is less sensitive to out-

liers than RMS.40 We found that noise levels in vivo were 20% ±

2% higher for NP Ultra than for NP 1.0 (Figure 1G; NP 1.0: 10.5 μV

in vivo; NP Ultra: 12.67 μV; difference = 2.1 μV; 95% confidence

interval from t test = 2.0–2.3 μV). The difference in noise between

NP Ultra and 1.0, and the difference between saline and in vivo

measurements, is well captured by a noise model incorporating

the properties of TiN electrodes and probe electronics, with

higher impedance in vivo and a contribution of background neu-

ral activity (Figure S1; see STAR Methods). Though per-site noise

levels are higher for these probes, we found that they neverthe-

less have highly uniform channel-to-channel gain, negligible

crosstalk, and no larger light sensitivity than probes with larger

sites (Figure S1). Recordings of LFPs were similar to probes

with larger sites (Figure S2).

Higher site density improves the quality and yield of

spike sorting

We reasoned that a probe with 10-fold higher site density would

provide improved data quality despite slightly higher per-chan-

nel noise levels, as it would sample individual action potentials

at more recording sites. This could lead to higher peak waveform

amplitudes, higher signal-to-noise ratio (SNR) for each wave-

form, improved spatial localization of waveforms, and improved

ability to stably record neurons during relative probe-brain

motion.

We applied a new spike-sorting algorithm, DARTsort,41 which

is well suited to dense recordings. The algorithm, described in

detail in the STAR Methods and demonstrated on simulated

data in separate work,41 relies on estimating the 3D spatial loca-

tion of each spike relative to the probe using a point-source

model.42 We use these locations to infer the motion of the probe

relative to the brain over time,43 register the spike positions, and

cluster the spikes (Figures 2A and 2B), which provides an accu-

rate approximation of waveform shapes across probe motion,

demonstrated by small residuals (Figures 2C, 2D, and S3). Using

this sorting algorithm, we automatically sorted about one
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hundred neurons from recordings with NP Ultra probes in the

mouse visual cortex (147 ± 37 total neurons per recording,

44 ± 22 neurons with reliable visual responses, mean ± SD, n =

10 recordings).

Spikes recorded with NP Ultra probes have higher peak wave-

form amplitudes, higher SNRs, and more precise spatial

estimates of spike locations than those recorded with previous

Neuropixels probes due to the increased spatial sampling. To

measure this, we spatially resampled our NP Ultra recordings

to simulate the signals that would have been recorded from the

exact same position under different recording site patterns: an

NP 1.0-like pattern; an NP 2.0-like pattern; and a hypothetical

‘‘large-dense’’ pattern with large 12 × 12 μm recording sites,

as in NP 1.0 and 2.0, but with dense, gapless spacing as in NP

A

B

C

D E

F G

H

Figure 1. NP Ultra probes have a denser site layout but smaller span compared with NP 1.0 and 2.0

(A) Left: schematic of a complete NP Ultra probe. Right: scanning electron microscope images of an NP Ultra probe tip (top) and individual contacts (bottom).

(B) Layout of NP Ultra sites compared with previous probes.

(C) Comparison of an example waveform on all three probes. The example NP Ultra waveform (right) was spatially re-sampled to estimate its appearance on the

NP 1.0 (left) and NP 2.0 (middle) site configurations. Heatmaps represent the interpolated voltage normalized to peak amplitude in the NP Ultra configuration.

(D) Scale of a mouse L5 pyramidal neuron from the Allen Institute Cell Types Database compared with an NP Ultra probe.

(E) Schematics of span and site layout for various probe configurations.

(F) Example raw traces from a column of vertically adjacent recording sites, with two spikes (shaded).

(G) Measures of noise in saline (top, root mean square) and during recording in vivo (bottom, median absolute deviation).

(H) Example spatial (top left), spatiotemporal (top right; from the column of sites containing the peak), and temporal (bottom; peak [red] with 40 nearby channels

[gray]) waveforms recorded by NP Ultra from a regular spiking (left) and a narrow spiking (right) neuron in the visual cortex of an awake mouse.

See also Figures S1 and S2 and the signal attenuation, saline noise, and brain noise tables in the STAR Methods.
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Figure 2. Localizing, clustering, and tracking spikes from NP Ultra probes

(A) ‘‘Drift map’’ spatial spike raster of detected neurons in an example recording. Each point represents one spike.

(B) Registered spike locations and amplitudes. Left: each spike’s fitted source coordinate in registered 2D space, colored by cluster identity, with ellipses

representing each cluster’s spatial spread. Green, recording site locations. Right: scatter of depth vs. spike amplitude.

(C) Super-resolution template waveform and fit quality for cluster 12. Left: non-registered spike positions. Colored rectangles indicate spikes used for estimating

each component of the super-resolution template. Middle: super-resolved templates for cluster 12 overlaid. Right: residual waveforms obtained after subtracting

the super-resolution templates shifted according to the estimated motion, the mean template when shifted, and the un-shifted mean template.

(D) Drift map as in (A), post-motion registration. Spikes colored by their cluster identity.

(E) Three spatial resampling patterns (large-dense, NP 2.0-like, and NP 1.0-like patterns, from left to right).

(F) Left: grid indicating the NP Ultra recording channels (black) and the NP 1.0-like resampled sites (magenta squares). Colormap indicates amplitude as in

Figure 1C. The corresponding NP Ultra and resampled waveforms are shown on the right, with all channels overlaid and the main channel colored.

(G) Cumulative distribution function of all spike amplitudes, comparing different site arrangements.

(H) Peak site amplitudes of neurons in the original dataset recorded with NP Ultra vs. the spatially resampled versions. Error shading represents SEM. * indicates

statistical significance of the difference, (two-sample z test).

(I) Template SNR for each recording site pattern.

(J) Spatial spread, computed as the standard deviation of coordinates, in the horizontal dimension.

(K) Spatial spread in depth.

See also Figures S3–S6.
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Ultra (Figures 2E and 2F). This computational resampling strat-

egy produces datasets exactly matched in terms of the spiking

events present, differing only in the sampling density, thus

permitting us to directly compare the properties of the signal

as observed with NP Ultra with what would have been observed

with other, less-dense probes. This strategy enables comparison

of the recording properties of each probe without being

confounded by the substantial session-to-session variability

found in real recordings.44

Peak spike amplitudes were highest in the original NP Ultra

recording (Figures 2G and 2H). Reductions in peak site ampli-

tude observed on the large-dense pattern (23% difference)

reflect the effect of larger recording sites relative to NP Ultra,

while reductions in amplitude under the 1.0-like (35% difference)

and 2.0-like (33% difference) site patterns reflect the effect of

larger sites averaging across space45–47 in addition to a failure

to sample the peak location due to gaps between sites48

(Figures S4 and S5).

The higher amplitude of spikes measured with NP Ultra

(Figures 2G and 2H) overcomes the higher noise of its small sites

(Figure 1G), resulting in higher SNR when considering the

combined signal recorded across all channels. We computed

a ‘‘template SNR’’ for each neuron (see STAR Methods and

Figure 2I). Neurons recorded with NP Ultra had the greatest tem-

plate SNR, followed by the large-dense, 2.0-like, and 1.0-like site

patterns, in that order (Figure 2I). As with amplitude, the magni-

tude of the effect varies across brain regions, depending on the

distribution of waveform footprint (Figure S4). Our data moreover

suggest that an intermediate site size with minimal gaps between

sites may comprise an optimal site layout for most neurons in

most mouse brain regions (Figure S5).

The increased recording site density of NP Ultra also produced

substantially greater precision in the estimated spatial position of

each spike relative to previous probes (Figures 2J and 2K). The

success of the spike-sorting strategy described above depends

on the ability to spatially segregate spikes from individual

neurons relative to nearby neurons. Spike locations were esti-

mated with substantially higher precision in the NP Ultra dataset

(Figures 2J, 2K, and S6), confirming that these probes are well

suited to employ this spike-localization-based sorting strategy.

The improved SNR and spatial precision increased yield of

sortable neurons. We evaluated yield by focusing on neurons

that were present throughout the recording and had reliable

and selective responses to visual stimuli (see STAR Methods

and Figures 3A, 3B, and S7A). We found that NP Ultra had a

higher yield of visually responsive neurons, with over 10 extra

neurons on average than the 1.0-like, 2.0-like, and large-dense

patterns (Figures 3C–3E). The large difference in yield between

Ultra and 1.0 amounted to a greater than 2-fold improvement.

NP Ultra recorded from more neurons with both large and small

amplitude waveforms (Figure 3E). When further filtering neurons

for those meeting strict quality metrics18 (see STAR Methods),

the yield differences between NP Ultra and resampled patterns

are relatively smaller, though NP Ultra still improved the yield

of these well-isolated single neurons (1.7× greater yield of NP

Ultra relative to 1.0-like on average; Figures 3C and 3D).

The increased yield of visually responsive neurons from NP

Ultra translated into a higher performance decoding of visual

stimuli. The accuracy of decoding image identity was signifi-

cantly higher for NP Ultra than the large-dense, 2.0-like, and

1.0-like patterns (Figure 3F; 1.8%, 3.8%, and 3.0% respective in-

crease in median accuracy across sessions; p = 0.016, 0.008,

0.008, signed-rank test). The increase in decoding accuracy for

NP Ultra resulted from an increased number of neurons rather

than any difference in properties of recovered neurons, as

decoding accuracies were equal when the number of included

neurons was matched between patterns (Figure 3G). Further an-

alyses revealed that neurons with low-amplitude waveforms, as

recorded more successfully by NP Ultra, had significant visually

decodable information (Figures S7E–S7G).

The higher site density of NP Ultra also afforded a moderately

improved ability to stably track drifting neuron locations across

time. To measure this, we imposed slow probe motion as a

ground-truth pattern of unstable probe location relative to the

brain during the visual fingerprint sessions.3 We then computed

a stability ratio for each visually responsive neuron by comparing

pre- and post-motion visual responses, where a ratio of 1 indi-

cates perfect stability (see STAR Methods and Figures S7B–

S7D). We found that there was a significant but modest

difference in stability ratio between NP Ultra, 1.0-like, and

2.0-like patterns but not between NP Ultra and the large-dense

pattern (% difference between Ultra and large-dense, 2.0-like,

and 1.0-like = 11.4%, 18.3%, and 15.1%, respectively; p =

0.062, 0.0030, 0.0064, Mann-Whitney U test) (Figure 3H).

Subcellular recordings from axons and dendrites in

mouse isocortex

Neurons or subcellular structures with waveforms that decay over

distances smaller than 20 μm would not be detected by NP 1.0

probes if an action potential was initiated between electrode con-

tacts, but they were observed in our dataset (Figure 4A). To quan-

tify this observation, for each waveform, we calculated its ‘‘spatial

footprint’’ as the radius from the peak channel at which the

average spike amplitude fell below 30 μV, a value sufficiently

above the noise level (Figures S8A–S8C). We observed a bimodal

distribution of this quantity, with a substantial fraction of footprints

less than 20 μm, which we define as having a ‘‘small footprint’’

(Figure 4B).

Small-footprint waveforms likely originated from axons. To test

this, we applied the GABA agonist muscimol to the cortex to sup-

press somatic spiking while leaving the activity of non-local axons

unaffected. All recorded waveforms that survived muscimol appli-

cation (firing rate > 1 spike/s in muscimol; 23/175, n = 6 sessions,

n = 3 mice) had a small footprint (Figures 4C–4G). Not all small-

footprint waveforms survived muscimol application, which is

consistent with recordings from axons of local origin. Aside from

their small spatial footprint, the muscimol-resistant axonal wave-

forms were inconsistent in appearance: some had narrow, nega-

tive peaks with little or no early positive component, while others

had prominent early positive peaks (Figures 4G and S9). Similarly,

spike waveforms histologically localized to the corpus callosum

could have either or both of these waveform characteristics

(Figures S10A–S10C). Biophysical simulations confirmed that

small-footprint, narrow negative spikes could be observed at

nodes of Ranvier23 (Figure S10D), that positive peaks may arise

in unmyelinated segments of otherwise myelinated axons
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(Figure S10E), and that unmyelinated axons are unlikely to be

detected, given their small amplitude, except when they have sub-

stantial branching and termination49 (Figure S10E). Therefore, the

characteristics of axonal spikes vary dramatically depending on

the exact properties of the axon recorded but are unified by their

small spatial footprint rather than any particular waveform-peak

direction, number, or width.

NP Ultra also records from dendritic compartments of neurons

with higher resolution and SNR than previous technologies.

Extracellular recordings of back-propagating action potentials

in apical dendrites of cortical pyramidal neurons have been re-

ported with NP 1.038 and with other probes.50 We made record-

ings with NP Ultra and NP 1.0 using an insertion strategy to

obtain recordings in mouse V1 approximately aligned with apical

A B C

D E F

G

H

Figure 3. NP Ultra increases neuron yield and tracking stability

(A) Waveform (top, as in Figure 1H) and autocorrelogram (bottom) for an example neuron.

(B) Peri-stimulus spike rasters and firing rates for example neuron from (A) to three example images, showing similar visual responses within pre-motion trials

(‘‘fingerprint reliability’’) and between pre- and post-motion trials (‘‘stability’’) against a shuffled control (bottom left).

(C) Mean neuronal yield across sessions, progressively filtered by reliable visual response (‘‘vis. resp.’’), spike amplitude >50 μV, and a refractory period quality

metric (‘‘RP metric pass’’).

(D) Per-session differences in neuron yield between NP Ultra and resampled patterns. *p < 0.05; **p < 0.01 (Wilcoxon signed-rank test).

(E) Amplitude distributions of visually responsive neurons. Diamonds are medians with 95% confidence intervals (CIs). *p < 0.05 (Mann-Whitney U test).

(F) Median decoding accuracies (n = 10 sessions) for all image pairs and for the top 10% of the most decodable pairs. *p < 0.05 (Wilcoxon signed-rank test).

(G) Median decoding accuracy (top 10% most decodable pairs) vs. number of neurons included.

(H) Stability ratios for visually responsive neurons. **p < 0.01 (Mann-Whitney U test).

See also Figure S7.
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Figure 4. Recordings from subcellular compartments

(A) Example small-footprint waveform recorded from VISp.

(B) Histogram of measured spatial footprints across a total of 175 units recorded in the mouse visual cortex with muscimol application (n = 3 mice, 6 sessions).

Dashed line, threshold of small footprint (20 μm).

(C) Schematic of NP Ultra recordings in the cortex with surface application of muscimol. Red lines, axonal segments.

(D) Firing rates for an example recording. Units sorted by ascending footprint size. Red line, threshold of small footprint.

(E) Scatterplot of firing rates pre- and post-muscimol application. Dashed line, identity. Insets: small-footprint waveforms of two example units.

(F) Relationship between the spatial footprint and firing rate modulation index. Black boxes, units from (E).

(G) Full waveforms of the two units marked in (E).

(H) Left: schematic of optotagging experiment in Sim1-Cre;Ai32+ L5b pyramidal neurons. Right: histology showing labeled L5 pyramidal neurons.

(I) Peri-stimulus time histogram (PSTH) of an example Sim1+ unit in response to photostimulation.

(legend continued on next page)
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dendrites. First, we optotagged layer 5 pyramidal neurons

(Figures 4H and 4I; Sim1-Cre;Ai32) and observed propagation

in waveforms consistent with known back-propagation wave-

form characteristics (i.e., initial positive peak at the time of the

somatic spike51) and speed52 (Figure 4J). Then, to record den-

dritic signals across a larger extent of the apical tree, we

switched to the linear 192 × 2 configuration (Figures 4K and

4L). With this configuration, we recorded back-propagation

dynamics spanning more than 400 μm from the putative somatic

channel, at ∼7× higher spatial resolution than with NP 1.0 (6 μm

linear spacing vs. 40 μm; Figure 4L). This enhanced resolution led

to significantly greater SNR in resolving back-propagating

signals across the apical dendrite (Figures 4M and S8D–S8F).

These improvements over NP 1.0 recordings did not depend

on probe alignment or recording quality, as they persisted

when comparing dendritic signals of similar amplitudes

(Figure 4N). In addition to back-propagation, our dataset re-

vealed a number of distinctive waveforms with spatiotemporal

characteristics not previously reported, which appear similar

to biophysical simulations of close dendritic apposition

(Figure S11). Taken together, NP Ultra enables subcellular

recordings from dendrites with improved resolution and SNR

relative to prior devices.

Small-footprint extracellular action potentials across

mouse brain regions and different species

To assess the prevalence of small-footprint action potentials

across different brain regions and species, which may be under-

sampled with previous electrophysiological probes (Figure S12),

we made NP Ultra recordings in multiple brain regions within the

mouse brain and specific brain regions in multiple species.

We recorded 4,666 single units in 18 brain regions in the awake

head-fixed mouse brain (>50 single units/region; n = 4 mice; n =

12 sessions; Figure 5A). NP Ultra recorded many small-footprint

waveforms in each brain region with a range of diverse spatial

features (Figure S13), reflecting otherwise unobservable or

undersampled units. As in NP 1.0 recordings,38 we observed a

wide distribution of single-channel spike waveform features,

such as amplitude, peak-to-trough ratio (PTR), and spike dura-

tion, across brain regions (Figure S14). In each brain region we

recorded, a significant fraction of extracellular action potentials

(>10% in most regions) had a spatial footprint of less than

20 μm (Figures 5B and 5C). This fraction of small-footprint wave-

forms was significantly greater in recordings localized to the

corpus callosum (57.5%, 31.4 ± 26.1 μm, mean ± SD, 113 units)

and the dentate gyrus (DG) (75.3%, 20.0 ± 16.2 μm, 77 units)

compared with the primary visual cortex (VISp), for example

(10.0%, 50.0 ± 25.6 μm, 359 units; Figure S15). These small-foot-

print units may reflect recordings from axons or from neurons

with exceptionally small somata, such as granule cells in DG,

or both.

We observed a substantial number of units with a footprint of

less than 20 μm in each of the four species, establishing the gen-

erality of this observation (Figures 5D–5G). We found 13/124

small-footprint waveforms (10.5%) from the monkey visual cor-

tex, closely matching the mouse (36/359, 10.0%). The similar

overall distribution of footprints between mouse and monkey vi-

sual cortex is consistent with the similar distribution of somatic

sizes in this area across these two species, despite differences

in soma size in other cortical regions.53 A similar proportion of

units in the lizard medial cortex had small footprints (2/19,

10.5%). Close to half of the units detected in the cerebellum

(CB) of the electric fish had small footprints (18/37, 48.7%).

Together, these observations demonstrate that units with small

spatial footprints (<20 μm), which are difficult to detect with

lower-density probes, are consistently detected with NP Ultra

across species.

Spatial footprints of genetically identified cell types

In addition to dependence on subcellular morphology and brain

region as described above, the spatial footprint of recorded neu-

rons differed between genetic cell types. To measure and

compare the spike waveforms of genetically identified cells, we

performed optotagging of three inhibitory neuron types54 in the vi-

sual cortex: parvalbumin- (PV), somatostatin- (SST), and vasoin-

testinal polypeptide (VIP)-expressing cells (Figures 6A and 6B).

243 PV, 116 SST, and 126 VIP interneurons were identified as op-

totagged based on both unsupervised density-based clustering

methods and qualitative assessment (243/3,344 = 7.3% of units

tagged in PV-targeting mice; 116/2,641 = 4.4% for SST; 126/

3,492 = 3.6% for VIP; Figures 6B–6D and S16; STAR Methods).

Optotagged neurons had diverse spatiotemporal waveforms

(Figures 6C and S16; Video S1). We computed the spatial footprint

of each optotagged unit and found that footprints were predomi-

nantly large and significantly differed across all three cell types

(Figure 6D; p < 0.001, Kruskal-Wallis; median footprint =

40.0 μm for PV, 35.0 μm for SST, and 42.0 μm for VIP; p = 0.01,

PV vs. SST, ranksum; p = 0.01, PV vs. VIP; p < 0.001, SST vs. VIP).

We separated all untagged units into narrow spiking (NS,

duration < 0.4 ms; n = 2,058) and regular spiking (RS, duration

≥ 0.4 ms; n = 6,838) based on spike duration and examined foot-

print distribution within these two groups (Figures 6E and 6F).

Surprisingly, we found that NS waveforms displayed a distinctly

bimodal footprint distribution compared with RS. Based on this

observation, we subdivided the untagged NS group into two

categories based on their footprint (greater or less than 20 μm),

which we call large NS (NSL, n = 952) and small NS (NSS, n =

1,133) units. PV+ optotagged neurons had an overlapping

(J) Two example Sim1+ waveforms with visible propagation (diagonal red band).

(K) Schematic of an L5 neuron recorded with the linearized (192 × 2) configuration.

(L) Example bAPs recorded with NP Ultra (left) and NP 1.0 (right). Traces show spike-triggered average waveforms (n = 2,000 spikes) recorded from the column of

channels that includes the peak amplitude channel. Colored traces, voltage minima.

(M) Template SNR as a function of vertical distance from the peak amplitude channel for NP Ultra (192 × 2 configuration, best column selected, green), NP Ultra

(192 × 2 configuration, 4-channel average, teal), and NP 1.0 probes (magenta).

(N) Template SNR against amplitude.

See also Figures S8–S11.
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distribution of footprint with NSL but not with NSS (Figure 6G). In

addition, PV+ neurons and NSL units were not well discriminable,

with multiple waveform features (see STAR Methods) using linear

discriminant analysis (0.56 ± 0.04, mean ± SEM), whereas PV+

neurons and NSS units were highly discriminable (PV:NSS,

0.87 ± 0.02; Figure 6H).

NSS provided either excitatory or inhibitory monosynaptic

input to putative downstream neurons, further supporting the

A B

C

D E

F G

Figure 5. NP Ultra recordings reveal small electrical footprint units in many brain regions of the mouse and across different species

(A) NP Ultra insertion trajectories.

(B) Percentage of units with small footprints less than 20 μm in example mouse brain regions. The number of small units per region is indicated.

(C) Example waveforms (one large and one small footprint) from each of six brain regions, and spatial footprint histogram from these regions. See https://npultra.

steinmetzlab.net/ for a browsable interface to explore this dataset.

(D) Same as (C) but for the mouse visual cortex.

(E) Same as (C) but for the monkey visual cortex.

(F) Same as (C) but for the electric fish CB.

(G) Same as (C) but for the bearded dragon medial cortex.

Region abbreviations, see STAR Methods.

See also Figures S12–S15.
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interpretation that, despite their NS waveform, they arise from

axonal recordings rather than PV+ interneurons. To investigate

this, we performed an analysis of cross-correlograms to identify

putatively monosynaptically connected pairs. Such pairs were

extremely rare (<0.02% of all observed interactions, >125,000

pair interactions; Figures 6I and S17). We found instances of

both putative excitatory and inhibitory interactions at short la-

tencies (<3 ms) from the time of an NSS unit. In recordings with

A B

C D

E F

G H

I

Figure 6. Optotagging three inhibitory neuron classes measured with NP Ultra

(A) Schematic of experimental setup. Visual cortical neurons transgenically expressing channelrhodopsin were recorded with NP Ultra probes and optotagged

using 470 nm light.

(B) Light-driven responses of an example PV-Cre;Ai32-expressing unit during a 10 ms pulse.

(C) Example waveforms from optotagged units in each mouse line.

(D) Distributions of spatial footprints for each line.

(E) Scatterplot of waveform duration and footprint size, colored by the local density of points.

(F) Distributions of footprints for all units, segregated by waveform duration dashed line, footprint threshold (20 μm).

(G) Comparison of footprint distributions between PV and NS units.

(H) Accuracy of linear discriminant analysis (LDA) in separating different types of NS and PV units using pre-peak-to-trough ratio (prePTR) and PTR as features.

(I) Left: cross-correlograms of example pairs that include an NSS unit. Right: autocorrelograms of the example NSS units.

See also Figures S16 and S17.
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A B

C

D

E F

G H

I J

Figure 7. Enhanced classification of inhibitory neuron types with NP Ultra

(A) Schematic of the classification scheme using balanced unit proportions and a logistic regression classifier with all features included.

(B) Confusion matrices for each interneuron type classified.

(C) Schematic of features extracted from single-channel waveform (‘‘1-ch features’’). Red lines show slopes for repolarization and recovery.

(D) Distributions of waveform features for each type of neuron. Dots, median; black vertical lines, interquartile range. Dashed horizontal lines, population median.

(E) Uniform manifold approximation and projection (UMAP) of an equally sampled subset of NP Ultra-recorded units from each unit class.

(F) Classifier performance (out-of-bag score, mean ± SD) on NP Ultra (green) and NP 1.0 (magenta) data using single-channel features with or without footprint,

combined across all six classes.

(G) Confusion matrices for all unit classification using 1-ch features + footprint.

(H) Confusion matrices for classification among the three types of optotagged interneurons only, using NEMO.

(legend continued on next page)
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NP 1.0 probes, small-footprint waveforms were detected at a

lower rate, but NSS units still comprised about one-third of all

NS units overall (Figure S17).

Classification of cortical inhibitory neurons

The dense and small recording sites of NP Ultra acquire greater-

resolution information about the electrical features of recorded

neurons, improving cell type classification from extracellular sig-

natures. To test this, we took a decoding approach to assess

classification performance. We first trained a logistic regression

model between single optotagged types (PV, SST, or VIP)

against untagged units, using all recorded waveform features

(STAR Methods; see below) as predictors. This model performed

well, especially compared with a model using waveform duration

alone, both when using balanced sampling (89% correct for PV,

82% for SST, 83% for VIP; Figures 7A, 7B, andS18A) and sam-

pling that maintained interneuron proportions approximately

equal to those found in the cortex (Figures S18B–S18D). We

extracted single-channel waveform features using the peak

amplitude channel for each unit, which revealed waveform char-

acteristics unique to each type of neuron discussed above

(Figures 7C, 7D, and S19; STAR Methods, neuron features

table). Reducing the dimensionality of the features revealed

substantial, but incomplete, segregation of the cell classes

according to these features (Figures 7E and S20). We therefore

undertook a quantitative assessment of cell type classification.

Interneuron classification was improved by the dense sam-

pling of NP Ultra compared with NP 1.0. To analyze this, we

trained a non-linear supervised classifier (random forest) to pre-

dict the identity of each neuron among RS, NSL, NSS, PV, SST,

and VIP types, with balanced groups (chance performance =

0.17; see STAR Methods). We assessed model performance

when training on three different feature sets: single-channel

waveform features (1-ch features; Figure 7C), the single-channel

waveform itself, or all 1-ch features along with the footprint

radius (1-ch wf, 1-ch + footprint; Figures 7D, 7F, and S20).

Because classifier accuracy was not improved using the sin-

gle-channel waveform over single-channel features using all

units, we focus here only on analyses using the single-channel

features and footprint. Overall, classification performance on

both of these feature sets was significantly above chance for

these six classes (mean ± SD accuracy: 1-ch feats. = 0.63 ±

0.03, 1-ch feats. + footprint = 0.67 ± 0.04). To compare NP Ultra

waveforms with lower-resolution NP 1.0 waveforms, we spatially

resampled data from NP Ultra-recorded units to provide a

direct unit-for-unit comparison (Figures 2E and 7F; see

STAR Methods). NP Ultra-recorded units had better perfor-

mance than NP 1.0, regardless of the features used in classifica-

tion (mean accuracy for NP 1.0-like: 1-ch feats. = 0.44 ± 0.16,

1-ch feats. + footprint = 0.46 ± 0.15, p << 0.001 for each compar-

ison, independent t test, multiple comparisons corrected via

Benjamini-Hochberg method). The improvement in performance

of NP Ultra over NP 1.0-like data extended to classification using

all six unit class categories as well: RS units were classified with

the highest accuracy (mean ± SD = 0.83 ± 0.10) followed by NSS

(0.71 ± 0.08), SST (0.67 ± 0.10), PV (0.59 ± 0.09), VIP (0.49 ±

0.09), and NSL (0.48 ± 0.11; Figures 7G and 7I). Note that errors

between PV and NSL, which represent the largest source of error

(Figure 7G), presumably reflect the fact that these two classes

are largely overlapping, as discussed above.

Classification performance was even higher when considering

only the three unit classes for which we have ground-truth identi-

fication, and this was still superior for NP Ultra relative to 1.0. We

performed classification using only those neurons that had been

optotagged (PV, SST, and VIP; Figure 7H). To achieve maximum

accuracy, we used the neuronal embeddings via multimodal

contrastive learning (NEMO) algorithm55 for classification, an

approach based on contrastive learning from waveform and auto-

correlogram features (see STAR Methods). The accuracy among

only these three types was high, 80.33% on average (Figure 7H).

The importance of spatial footprint as a feature useful for

discriminating unit class was reinforced by further analyses.

Mean classification accuracy using NP Ultra data, but not NP

1.0-like data, increased significantly when including footprint as

a feature relative to performance without footprint (Figure 7F; p =

0.0003). Classification of PV, SST, VIP, and NSL improved when

footprint was included and by a greater margin when compared

with NP 1.0-like classification (Figure 7I). Next, we iteratively

removed each feature and assessed the difference in overall per-

formance, a measure of feature importance (Figure 7J). Doing so

revealed that removing the footprint impacted classification per-

formance as much as the spike duration and baseline firing rate

but less than the average inter-spike interval (ISI). Classifier accu-

racy was still above chance levels, even when only decoding from

footprint, average ISI, and baseline firing rate (FR) (Figure 7J, inset;

mean accuracy = 0.38 ± 0.03). In summary, we demonstrate that

NP Ultra probes offer an enhanced ability to discriminate unit clas-

ses recorded from the visual cortex compared with classifiers us-

ing NP 1.0-like data and that they do so in particular because of the

high-resolution spatial information captured by NP Ultra.

DISCUSSION

Here, we introduce NP Ultra, a device capable of recording extra-

cellular neural activity with an unprecedented site density (1.3

sites/μm). These new probes have small site size and spacing, re-

sulting in a trade-off in recording span compared with NP 1.0

probes (288 μm vs. 3,840 μm vertical span) but allowing the

detailed spatial structure of electrical fields to be sampled with un-

precedented resolution. By harnessing this improved spatial reso-

lution for recording extracellular data, we demonstrate significant

improvements in extracellular data quality, including higher spike

amplitudes and improved SNRs, resulting in increased yield of

functionally responsive neurons. Recordings made with NP Ultra

probes capture subcellular features—axonal and dendritic sig-

nals—and provide a new window into the biophysics of action

(I) Difference in true positive (TP) rate between NP Ultra and NP 1.0-like data.

(J) Classifier accuracy (mean ± 95% CI) across all unit classes when one feature is iteratively excluded. *p < 0.05; ****p < 0.001 (t test with Benjamini-Hochberg

correction). Dashed line, mean classifier accuracy with all 1-ch features + footprint. Inset, accuracy when no 1-ch features are included.

See also Figures S18–S20 and the neuron features table in the STAR Methods.
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potential initiation and propagation. Finally, recordings at this den-

sity offer enhanced discrimination between cell types, specifically

demonstrated for interneuron cell types within the visual cortex.

These devices therefore enable high-resolution measurements

across multiple brain regions and species. Moreover, our shared

large-scale datasets provide a useful resource for spike-sorting al-

gorithm development, for electrode array design, and for biophys-

ical modeling.

The NP Ultra device may be optimal for multiple experimental

objectives but has tradeoffs in recording span vs. density relative

to other electrophysiological options. NP Ultra probes are partic-

ularly suitable, relative to NP 1.0 and 2.0, for maximizing yield

from thin layers or small structures, such as individual cortical

layers, the CA1 pyramidal layer, or subcortical nuclei including

the claustrum and parts of thalamus, basal ganglia, midbrain,

and hindbrain. NP Ultra will also be useful for studies of dendritic

back-propagation, axonal signaling, and cell-type-specific cod-

ing when the required temporal resolution, brain region, or spe-

cies is incompatible with imaging-based approaches.

A population of small-footprint waveforms was detected using

NP Ultra probes across brain regions in different species, opera-

tionally defined here as units with an electrical waveform extent

of less than 20 μm (smaller than the smallest distance between

contacts on an NP 1.0 probe). In the mouse visual cortex, we

observed that recordings from identified axons all exhibit small

footprints. Despite the commonly accepted wisdom that axonal

spikes have early positive peaks,56–58 we observed a fraction of

axonal waveforms lacking such positive peaks, consistent with

simulations of recordings from nodes of Ranvier in myelinated

axons.23 The distributions of small-footprint waveforms within

the cortex likely differ across cortical layers due to an increased

density of axonal myelination toward deeper layers.59 Moreover,

although recordings of axonal spikes have been reported with

Neuropixels probes60,61 and with other devices,62–66 it has been

assumed that this is only possible in limited situations when axons

have particularly favorable properties.49,67 Here, we demonstrate

these putative axonal recordings in all 15 brain regions and 4 spe-

cies that we tested, establishing that NP Ultra probes can reliably

achieve these recordings. Careful confirmation of the identity of

these units will be required in each brain area in the future.

In the mouse DG and fish CB, we observed a significant frac-

tion of small-footprint waveforms that might represent action po-

tentials from small neuron types, axons, or both. Both the DG

and CB are notable for their populations of granule cells with

very small somata. Considering DG granule cells, however, pre-

vious studies have indicated that they are relatively quies-

cent32,68,69 and not typically NS,70 unlike the DG waveforms

we recorded. It is also possible that the small-footprint wave-

forms in the DG are hilar interneurons.71 Therefore, although it

appears plausible that a subset of the units in our recordings

may represent extracellular measurements of granule cells or in-

terneurons in the DG and CB, this cannot be decisively assessed

without further ground-truth experiments, such as recording

genetically identified granule cells via optotagging.

In the visual cortex, the narrow action potential waveform

(≤0.4 ms) spikes have traditionally been associated with puta-

tively PV-expressing NS inhibitory interneurons26,27,72 because

only a minority of SST72, VIP,73 and excitatory neurons74,75

have NS waveforms. We discovered that the majority of opto-

tagged neurons from genetically identified inhibitory subclasses

exhibited large waveform footprints, consistent with their soma

sizes being comparable with those of pyramidal neurons.76,77

Our results indicate that PV+ optotagged neurons correspond

to large-footprint NS units (NSL), while NSS units represent

axon segments of both excitatory and inhibitory neurons. NSS

units constitute a small, yet significant, portion of the total units

(∼10%) and almost one-third of all NS units in NP 1.0 data. Reli-

able identification of putative PV+ interneurons therefore re-

quires considering both waveform duration and footprint,

without which approximately one-third of those units identified

by waveform duration alone may be misidentified.

Our ability to classify cell types of recorded neurons was

generally high within each cell type, and classification between

cell types was significantly improved using NP Ultra compared

with 1.0 probes. Nevertheless, our findings are applicable to ex-

isting recordings made with previous probes, enabling the iden-

tification of recorded units as PV+, VIP+, SST+, or other based

on single-channel waveforms with a reasonable level of accu-

racy. In fact, our category of ‘‘untagged’’ units includes neurons

from the PV, VIP, and SST cell types, which likely lead to an un-

derestimation of classification accuracy (i.e., some untagged

units labeled by the classifier as VIP might in fact be VIP+, though

this is counted as an error). In the future, unit classification

using a variety of additional metrics, such as non-linear

waveform features,34 autocorrelograms,27,30,32 and oscillatory

phase locking,78 as well as alternative machine learning ap-

proaches,35,36,79–81 may yield even greater performance.

Taken together, our findings collectively highlight the advan-

tages of electrophysiological probes with increased site density

for a wide range of neuroscience applications, including maxi-

mizing yield in targeted regions, sensitively detecting small-foot-

print waveforms, and discriminating cell types.

RESOURCE AVAILABILITY

Lead contact

Requests for further information and resources should be directed to, and will be

fulfilled by, the lead contact, Nicholas A. Steinmetz (nick.steinmetz@gmail.com).

Materials availability

As of the time of writing, NP Ultra probes were available for purchase at https://

www.neuropixels.org/specialty-products under the name ‘‘Neuropixels 1.0

HD’’ (for ‘‘high density’’). Future availability is subject to supply constraints.

Data and code availability

• Spatiotemporal waveforms of 4,666 single units recorded in awake

mice, along with spike times, are available at https://doi.org/10.6084/

m9.figshare.19493588, and waveform movies are browsable at

https://npultra.steinmetzlab.net/. NP Ultra dataset for imposed motion

with visual responses pre- and post-motion in the visual cortex is avail-

able at https://dandiarchive.org/dandiset/000957.

• Code for computing spatial footprints of recorded neurons, in

Python and in MATLAB, is provided at https://github.com/zhiwen10/

Neuropixels-footprint and is publicly available at https://doi.org/10.

5281/zenodo.16929837. DARTsort code is available at https://github.

com/cwindolf/dartsort/tree/uhd_np and is publicly available at https://

doi.org/10.5281/zenodo.16943075.

• Any additional information required to reanalyze the data reported in this

work is available from the lead contact upon request.
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Buzsáki, G. (2004). Characterization of neocortical principal cells and in-

terneurons by network interactions and extracellular features.

J. Neurophysiol. 92, 600–608. https://doi.org/10.1152/jn.01170.2003.

28. Mitchell, J.F., Sundberg, K.A., and Reynolds, J.H. (2007). Differential

Attention-Dependent Response Modulation across Cell Classes in

Macaque Visual Area V4. Neuron 55, 131–141. https://doi.org/10.1016/

j.neuron.2007.06.018.

29. Niell, C.M., and Stryker, M.P. (2008). Highly Selective Receptive Fields in

Mouse Visual Cortex. J. Neurosci. 28, 7520–7536. https://doi.org/10.

1523/JNEUROSCI.0623-08.2008.

30. Yamin, H.G., Stern, E.A., and Cohen, D. (2013). Parallel Processing of

Environmental Recognition and Locomotion in the Mouse Striatum.

J. Neurosci. 33, 473–484. https://doi.org/10.1523/JNEUROSCI.4474-

12.2013.

31. Roux, L., Stark, E., Sjulson, L., and Buzsáki, G. (2014). In vivo optogenetic
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STAR★METHODS

KEY RESOURCES TABLE

EXPERIMENTAL MODEL AND STUDY PARTICIPANT DETAILS

All experimental protocols were conducted according to US National Institutes of Health guidelines for animal research and approved

by the Institutional Animal Care and Use Committee at the University of Washington.For awake, head-fixed acute recordings, wild

type C57BL/6 mice of both sexes, between 2 and 8 months of age, were first implanted with custom-made steel headplates and

3D-printed plastic recording chambers. Following recovery, mice were acclimated to head-fixation for at least two sessions before

recording. Head-fixation mice were seated on a plastic body restraint tube with forepaws on a rotating rubber wheel. All other animal

uses are described separately in individual sections.

REAGENT or RESOURCE SOURCE IDENTIFIER

Chemicals, peptides, and recombinant proteins

Muscimol Tocris Bioscience Cat# 0289

CM-Dil (red lipophilic dye) Invitrogen/Thermo Fisher Cat# V22888

Kwik-Cast silicone sealant World Precision Instruments Cat# KWIK-CAST

Dowsil 3-4680 dura gel Dow Chemical Cat# 3-4680

Metabond Parkell Cat# S380

Deposited data

Spatiotemporal waveforms dataset This paper https://doi.org/10.6084/m9.figshare.

19493588

NP Ultra dataset with imposed motion This paper https://dandiarchive.org/dandiset/000957

Waveform browser This paper https://npultra.steinmetzlab.net/

Experimental models: Organisms/strains

Mouse: Sst-IRES-Cre The Jackson Laboratory JAX Stock #013044; RRID:

IMSR_JAX:013044

Mouse: Vip-IRES-Cre The Jackson Laboratory JAX Stock #010908; RRID:

IMSR_JAX:010908

Mouse: Pvalb-IRES-Cre The Jackson Laboratory JAX Stock #017320; RRID:

IMSR_JAX:017320

Mouse: Sim1-Cre The Jackson Laboratory JAX Stock #006395; RRID:

IMSR_JAX:006395

Mouse: Rbp4-Cre MMRRC Stock MMRRC Stock #031125-UCD; RRID:

MMRRC_031125-UCD

Mouse: VGAT-ChR2-EYFP The Jackson Laboratory JAX Stock #014548; RRID:

IMSR_JAX:014548

Mouse: Ai32 (RCL-ChR2(H134R)/EYFP) The Jackson Laboratory JAX Stock #012569; RRID:

IMSR_JAX:012569

Software and algorithms

Kilosort 2.0 Pachitariu et al.82 https://github.com/MouseLand/Kilosort

Kilosort 2.5 Steinmetz et al.3 https://github.com/MouseLand/Kilosort

DARTsort Boussard et al.41 https://github.com/cwindolf/dartsort

NEMO (Neuronal Embeddings via

MultimOdal contrastive learning)

Yu et al.55 https://ibl-nemo.github.io/

Other

Neuropixels Ultra probes IMEC Available at https://www.neuropixels.org/

specialty-products as ‘‘Neuropixels

1.0 HD’’

Neuropixels 1.0 probes IMEC Available at https://www.neuropixels.org/
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METHOD DETAILS

Probe noise model

When using neural probes with planar microelectrodes, the quality of the neural recording (e.g. signal to noise ratio) will depend on

several factors, including the electrode size; the electrode impedance and the input impedance of the recording amplifier; the elec-

trode noise and the noise of the recording amplifier; and finally the distance and alignment between the neuron and the electrode.

These factors contribute to different signal-degradation effects that are explained as follows.

Signal attenuation due to electrode impedance

The electrode impedance is inversely proportional to the electrode size. Small electrodes can exhibit larger signal attenuation due to

the impedance ratio (i.e. voltage divider) at the input of the amplifier. This attenuation is given by: Zelec/Zamp. In the Neuropixels 1.0

design, Zamp corresponds to 27.2 MΩ (at 1 kHz). Thus, the signal attenuation can be calculated as:

Although the signal attenuation is increased by almost 5 times, it continues to be negligible due to the much higher input impedance

of the recording amplifier (see above table).

Noise performance

The total noise affecting neural recording has two components: i) the thermal noise generated by the electrode-tissue interface

(Vn-elec) and ii) the noise of the readout electronics (Vn-amp). The total noise can be calculated as:

Vn − total =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅

V
2
n − elec+V

2
n − amp

√

The noise generated by the electrode-tissue (or electrode-electrolyte) mostly depends on the electrode area, the double-layer

capacitance formed at the electrode-electrolyte interface (i.e. electrode impedance) and the resistivity of the saline solution, medium

or tissue.39,46,83

In the Neuropixels 1.0 design, Vn-amp corresponds to 5.4 μVrms (for the action potential band: 300 Hz to 10 kHz). For the low-

impedance TiN electrodes, the electrode noise was modeled and measured in saline as 2.7 μVrms. Based on estimated electrode

impedance values, it is possible to predict the noise performance of smaller electrodes for different solution/tissue resistivities.39

In saline, the total noise can be calculated as in the below table.

If we consider the resistivity of the brain tissue, which is at least 4 times higher than the resistivity of saline, the total noise can be

calculated as in the brain noise.

Signal attenuation

Neuropixels 1.0 and 2.0 Neuropixels Ultra Notes

Electrode area 144 μm2 25 μm2

Zelec ∼100 kΩ 500 kΩ* *estimated from test structures

Zamp 27.2 MΩ 27.2 MΩ
Zelec/Zamp * 100% 0.4% 1.8%

Estimated signal attenuation of Neuropixels probes, Figure 1 and STAR Methods section probe noise model.

Saline noise

Neuropixels 1.0 Neuropixels Ultra Notes

Electrode area 144 μm2 25 μm2

Zelec ∼100 kΩ 500 kΩ* *estimated from test structures

Vn-elec 2.7 μVrms 5 μVrms** **modeled based on estimated impedance

Vn-amp 5.4 μVrms 5.4 μVrms

Vn-total 6 μVrms 7.4 μVrms

Estimated noise of Neuropixels probes in saline, related to Figure 1 and STAR Methods section probe noise model.

Brain noise

Neuropixels 1.0 Neuropixels Ultra Notes

Electrode area 144 μm2 25 μm2

Zelec ∼100 kΩ 500 kΩ* *estimated from test structures

(Continued on next page)
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Note that in Neuropixels 1.0, the noise is dominated by the readout-electronics noise, while in Neuropixels-Ultra the electrode

noise has a bigger impact on the total noise.

Although the electrode noise increases by a factor of ∼2, the increase of the total recording noise is only 23% in saline or 32% in

brain tissue. This increase is modest relative to the amplitude of ‘biological’ noise (i.e. spiking activity of distant neurons). This indi-

cates that, thanks to the low-impedance of the TiN electrode material, the reduction in electrode size does not significantly impact the

quality of the recordings.

Noise and gain characterization

In vitro noise measurements are performed in the standard self-referenced configuration as described in the Neuropixels manual,

with the reference and ground connected together and to a Pt wire electrode in the saline bath. Noise on each channel is measured

by averaging Fourier power spectra from 5x 3-s-long sections of data, and estimating rms from the integral over 300–10,000 Hz:

rms =
̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
P ∗ binwidth

√
=

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅

P ∗
fs

NFFT

√

Where P is the sum over the frequency range in the power spectrum, Fs is the sampling frequency, and NFFT is the number of points

in the FFT calculation.

Noise is estimated from in vivo data for ‘‘low activity’’ channels with event rates < 0.01 Hz using (1.4826*median absolute deviation).

For the gain measurement, the probe ground and reference are connected to the Faraday cage ground, and a 2 mV, 3 kHz sine wave

is applied to the saline bath through a Pt wire electrode. The amplitude of the sine wave on each channel is measured by averaging

over a 15 Hz window about the 3 kHz peak in the Fourier power spectrum.

Crosstalk estimation

To estimate the crosstalk between channels, we took advantage of our in vivo recordings which provide a situation in which a small

voltage source is located immediately adjacent to the probe. We reasoned that for neurons with spatially restricted extracellular action

potentials, distant sites on the probe should not reflect the waveform of the neuron unless by crosstalk. To the extent that this assumption

might not be true (i.e. distant sites really do detect the actual extracellular action potential), we would measure signal at the distant site and

incorrectly attribute it to crosstalk; therefore, this estimation strategy produces an upper bound on the true amount of crosstalk.

Specifically, we selected units for which at most 20 sites had significant amplitude of the average waveform (defined as peak-

trough amplitude > 25% of the amplitude on the peak site), and averaged the amplitude at the 10 most physically distant sites relative

to the peak site. The amplitude on the distant sites was calculated using the same peak and trough timepoints as the peak channel,

since any crosstalk should be temporally instantaneous. We report the ratio between this average amplitude on the distant 10 sites

and the amplitude on the peak site. This measurement was subject to biological noise, but across an average of n=519 small neurons,

we measured 0.0007% ± 0.0736% (mean ± SEM; Figure S4).

Light artifact tests

We tested the sensitivity of NP Ultra probes to 470 nm light (the wavelength used for channelrhodopsin activation). We used a fiber-

coupled laser (200 μm core fiber) to shine light directly on probes submerged in phosphate-buffered saline. Light was incident on the

front side of the probes. During the tests, we simultaneously recorded from two NP Ultra probes (passive, non-switchable version)

and one NP 1.0 probe to compare light artifacts across probe variants. Two different stimulation waveforms were tested (10 ms pulse

and 1 s raised cosine stimulus) at three light intensities (0.5, 4.0, 10.0 mW/mm2). We quantified photo-artifacts in both the spike

(0.3-10 kHz) and LFP bands (0.5-500 Hz) by computing trial-averaged photo-evoked responses (100 trials) time-locked to the start

of photo-stimulation (Figure S1). Artifact magnitudes were computed as the absolute value of the light-evoked voltage deflection

peak during the photo-stimulation period.

Recordings from diverse brain regions in the mouse

At UW

Three iPad screens were positioned around the mouse at right angles. On or before the first day of recording, a 1-2 mm diameter

craniotomy with intact dura was prepared with a dental drill over the target brain area under anesthesia. The craniotomy was either

Continued

Neuropixels 1.0 Neuropixels Ultra Notes

Vn-elec 4.6 μVrms 7.6 μVrms** **modeled based on estimated impedance

Vn-amp 5.4 μVrms 5.4 μVrms

Vn-total 7.1 μVrms 9.4 μVrms

Estimated noise of Neuropixels probes in the brain, related to Figure 1 and STAR Methods section probe noise model.
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protected with removable silicone sealant (Kwik-Cast, World Precision Instrument) or covered with transparent dura-gel (Dowsil

3-4680) with a further protective plastic cap sitting on top of the recording chamber, after the surgery and before recording procedure

starts. After several hours of recovery, mice were head-fixed in the recording setup. We used single-ended configuration for all

recordings, with ground and reference pins on the probe tied together. We used either external or internal reference methods. For

recordings with external referencing, an Ag wire was connected to the probe ground/reference wire and positioned above the skull.

After peeling off the silicone sealant, the craniotomy and Ag wire were then submerged in a bath of Ringer’s lactate solution. For

recordings with internal reference, a probe was directly inserted through the dura gel without solution bath and the reference site

on the probe tip was used instead. Prior to each insertion, the electrode shank was coated with CM-Dil (Invitrogen), a red lipophilic

dye, for later histological reconstruction of probe tracks.

To sample waveforms from diverse brain areas in a single penetration, we automated the advancement of probes through manip-

ulators (Sensapex Inc., uMP-4) using the Sensapex API via Matlab, following every 5 min of stable recordings. For each step, we

advanced the probe by 300 μm at 5 μm/s speed, followed by 50 μm retraction, to help reduce the tissue compression caused by

the probe. Recordings normally stabilized within 1 min after probe motion, as visualized by post-processing drift maps. We typically

repeated this for 8-16 steps from the surface of the penetration, depending on the final depth of target brain area. For most sessions,

we recorded with two probes simultaneously on two hemispheres in a single session.

After recording, mice were perfused with 4% paraformaldehyde. The brain was extracted and then fixed in 4% paraformaldehyde

for a further 24 h at least at 4◦C. We cleared the brain tissue with iDISCO before 3D imaging with lightsheet microscopy

(UltraMicroscope II, LaVision BioTeC). We used 561 nm channel for imaging probe track with DiI and 488 nm channel for brain

autofluorescence, with 10 μm isotropic resolution. We registered the imaging volume to Allen Mouse Brain Common Coordinate

Frameworks (CCF) Atlas with ARA tools (https://github.com/SainsburyWellcomeCentre/ara_tools), which calls Elastix via a Matlab

wrapper. Probe tracks were traced in the atlas-registered brain volume with open-source package Lasagna (https://github.com/

SainsburyWellcomeCentre/lasagna). While the DiI track provides a good estimate of the probe trajectory, the depth information be-

tween DiI track and electrophysiological recordings usually do not match with high precision, due to the warping and shrinkage of the

brain sample during perfusion and tissue clearing steps, and due to uncertainty about the final probe tip location along the track.

Therefore, we used multiple electrophysiological landmarks (e.g., cortical layer 5 neuron layer, CA1 pyramidal layer, white matter

boundaries, etc) to match the recording sites with the probe trajectory by linear interpolation.4 After this manual curation process,

we assigned each probe site and therefore each spike cluster to designated CCF coordinates.

The NP Ultra brain-wide data was sorted with Kilosort 2.0,82 using a 96 site template. The timing of all recording epochs were ex-

tracted from a manipulator motion start/stop channel synchronized to the electrophysiology data. The first minute of the recording

after manipulator motion was discarded due to probe-tissue motion, leaving 4 min of stable recording data for each epoch. Kilosort

was then batch run based on epoch timing, and units were selected with an automated quality metric within Kilosort 2.0 after spike

sorting.

At Janelia

Acute recordings were conducted at the HHMI Janelia Research Campus, following guidelines set by the Institutional Animal Care

and Use Committee. Three male VGAT-ChR2-EYFP mice, aged 6 months, underwent a brief stereotaxic surgery to implant a titanium

headpost and build a recording chamber using dental cement for acute head-fixed recordings. Postoperative analgesia was pro-

vided using Buprenorphine (0.1 mg/kg, intraperitoneal injection), and Ketoprofen (5 mg/kg, subcutaneous injection) was used at

the time of surgery and postoperatively for 2 days. Following surgery, mice were habituated under head restraint in the recording

setup for 2 days with incremental acclimatization duration (30 min to 1 h).

On the first day of recording, two to four craniotomies of diameter 1-1.5mm were made with a dental drill over the target areas of

interest under anesthesia, while leaving the dura intact. The craniotomies were protected with removable silicone sealant (Kwik-Cast,

World Precision Instrument) sitting on top of the recording chamber between recording sessions. After a 3-h recovery period, the

animal was head-fixed in the recording setup, and two or four NP Ultra probes were inserted into separate craniotomies and to

the target depths, inferred from manipulator readings. The insertions covered brain regions such as the cortex, striatum, thalamus,

midbrain, cerebellum, and medulla. The tip of the electrode was coated with CM-Dil (Invitrogen), a red fixable lipophilic dye, before

each insertion to enable histological reconstruction of probe tracks. Probes were slowly lowered at a speed of 10 μm/s to the first

intended depth using micromanipulators (uMP-4, Sensapex, Inc), and after reaching the desired depth, the inserted probes were al-

lowed to settle for approximately 5 min before recording commenced. Multiple probes were recorded simultaneously for 20-30 min.

Since the NP Ultra sites span a length of 288 μm only, after each recording, probes were further inserted by 300 μm to make a

successive recording. As such, over the course of a session, probes were advanced 2-6 times to collect data at multiple depths

from each penetration, and brain tissue was allowed to relax for a few minutes after each probe advancement. All probes had a

wire soldered onto the reference pad, which was shorted to the ground pad. This wire was then connected to an Ag/AgCl wire posi-

tioned above the skull. During recordings, the craniotomies and reference wire were submerged in cortex buffer (NaCl 125 mM, KCl

5 mM, Glucose 10 mM, HEPES 10 mM, CaCl2 2 mM, MgSO4 2 mM, pH 7.4). Daily recording sessions lasted approximately 2 h and

were repeated for multiple consecutive days in a craniotomy, with each penetration separated by at least 200 μm at the point of entry.

All recordings were made with open-source software SpikeGLX (http://billkarsh.github.io/SpikeGLX/) in external or tip reference

mode, and the animal was awake and sitting quietly in a body restraint tube throughout the recording sessions. The dataset was

sorted offline with Kilosort 2.0 using a 96 site template.
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To visualize the recording locations, the mice were perfused transcardially with PBS followed by 4% PFA, and their brains were

fixed overnight and then cleared with SPiB solution using an aqueous-based clearing method called ‘Uniclear’ to facilitate whole-

brain dilapidation and refractive index matching.84 The cleared brains were then imaged with a light sheet microscope (Zeiss Z1) us-

ing a 5x objective with a voxel size of 1.2 x 1.2 x 6 μm. Whole-brain autofluorescence was captured with a 488 nm channel, while Dil

tracks were imaged with a 561 nm channel. The resulting tiled images were stitched together using IMARIS software, and the entire

brain stacks were registered to the Allen Institute Common Coordinate Framework (CCFv3) of the mouse brain based on anatomical

landmarks, allowing each spike cluster to be assigned to a specific CCF coordinate.

Data was preprocessed using CatGT (https://billkarsh.github.io/SpikeGLX/#catgt) for multiplex correction, filtering, artifact

removal, and common average subtraction. Spike sorting was performed with Kilosort 2.0, followed by manual curation. We classify

units as either ‘unimodal’ or ‘overlapped’. Unimodal units have distributions in feature space visually that appear to come from a sin-

gle distribution that does not overlap other units, and refractory period violations are low. ‘Overlapped’ units have distributions in

feature space that overlap other units, and generally have higher refractory period violations. In the analysis of signal and physical

distance, all units with > 500 spikes are included, to provide as complete a picture of the activity as possible. For the waveform shape

analysis, only ‘unimodal’ units are included, so that mean waveforms are as close as possible to single units.

At University College London

All experimental procedures were carried out under license from the UK Home Office in accordance with the UK Animals (Scientific

Procedures) Act (1986). Acute recordings were performed on adult (>P60) Rbp4-Cre male and female mice kept on a 12 h dark/light

cycle. At the time of surgery, mice were subcutaneously injected with Rimadyl (5mg/ml) and Lidocaine (5mg/ml) to numb the area

above the skull prior to headplate implantation. A 0.5 g customized metal headplate was attached to the skull using super glue

and dental acrylic (Super bond C&B polymer mixed with Super bond monomer and catalyst). After headplate implantation, mice

were allowed to recover at 37◦C inside an incubator and were closely monitored for 5 days post-surgery. On the first day of recording,

mice were administered dexamethasone (Dexadreson, 2 mg/ml, intramuscular injection) to reduce brain swelling. On the first day of

recording, one 2 mm-diameter craniotomy was made over the region of interest under anesthesia using a surgical motorized drill. The

skull flap was carefully removed to leave the dura mater intact and the exposed brain surface was cleaned using IVE and subse-

quently protected with transparent Duragel and removable silicone sealant (Kwik-Cast, World Precision Instrument) placed on top

of the recording chamber. Finally, the animal was allowed to recover for 3 h before starting any further experimental procedure.

Before recording sessions, mice were acclimated to the experimental rig for at least 3 days: animals were head-fixed above a static

3D-printed holder using a head bar clamp, and habituated to head restraint of increasing duration (starting from 10 min and up to 1 h).

On recording days, the shank of Neuropixels probes was covered with red fluorescent dye DiI (Invitrogen) to allow for histological

probe tracing. Then the probe was inserted perpendicularly to the cortical surface using a micromanipulator (Sensapex uMP-4).

Probe insertion speed was kept at 20 μm/s to minimize cortical damage, terminating at 2,000-2,800 μm below the brain surface

for NP 1.0 and 1,200 μm for NP Ultra. Probes were allowed to settle for about 10 min before the start of every recording. All recordings

were carried out using the acquisition software SpikeGLX (http://billkarsh.github.io/SpikeGLX/) using tip reference mode, and lasting

about 1.5-2 h. Every animal was recorded for a maximum of three consecutive days, with recordings taking place at different loca-

tions within the craniotomy.

All recordings were processed to align channel sampling using the common average referencing software CatGT (https://billkarsh.

github.io/SpikeGLX/#catgt); putative neuronal units were spike sorted with Kilosort 2.0 (https://github.com/MouseLand/Kilosort2)

and Phy2 (https://github.com/cortex-lab/phy), and manually curated in Phy2. For every unit, we computed spike-triggered voltage

maps showing the extracellular signature of each action potential across time and channels. We then averaged 2,000 of these maps

to compute a template spike voltage map for each unit. We located the putative soma as the channel with the largest sink recorded at

the time of spike in the template maps.

To correct for vertical probe motion during the recording we used a two-step strategy. First, we used Kilosort 3.0 drift estimation to

correct for slow probe movements at the second scale. Second, to correct for fast movements on a spike-by-spike basis, we used 1D

cross correlation to compute the vertical shifts needed to register spike-triggered voltage maps to a target reference map obtained

from 1,000 long-ISI spikes selected randomly throughout the recording.

To identify units with significant dendritic back-propagation, e.g. those for which the apical dendrite was best aligned with the

probe, we used a permutation test. Starting from the soma, we compared the average spike amplitude of every channel in the tem-

plate spike map to a null distribution of amplitudes obtained from 500 shuffled template maps, each computed from a random linear

shift of the spike times. Moving from towards the cortical surface, we considered as significant dendritic recordings those channels

bearing signals larger than 95th percentile of the null distribution. We included for further analysis neurons which displayed significant

dendritic back-propagating signals extending beyond 250 μm from the soma.

Muscimol experiments

To verify the identities of small footprint waveforms in the mouse cortex, we topically administered muscimol to the surface of the

dura through the craniotomy, while acutely recording cortical activity with NP ultra probes in head-fixed mice. Acting as a GABA

agonist, muscimol will silence neural activity of local cortical neurons, but leaving activity of long range axons from elsewhere intact.

Headplate implant surgery, craniotomy surgery and acute NP ultra recordings were performed mostly as described in the STAR

Methods section ‘‘recording from diverse brain regions in the mouse (At UW)’’ section, with additional details as below. During the
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craniotomy surgery procedure, a cement well was built around the craniotomy after the craniotomy was made and covered with

removable silicone sealant, to constrain the spatial spread of drug application within the craniotomy during recording. For acute

NP ultra recordings, the craniotomy was submerged in a bath of Ringer’s lactate solution during control conditions. After a period

of baseline spontaneous activity recording for around 10 min, a set of 5-min sparse noise stimuli were presented on the iPad screens

for receptive field mapping.Thereafter, 5mM muscimol in Ringer’s solution was applied to the craniotomy and ‘‘bathed’’ the surface of

the brain for the remainder duration of the recording. The majority of unit activity were silenced, 3–10 min after the muscimol appli-

cation. A second set of 5-min sparse noise stimuli were then presented for receptive field mapping for units that survived muscimol.

Spike sorting methods

To take advantage of the high spatial resolution of NP Ultra sites, we utilize a spike sorting pipeline, DARTsort,41 that takes advantage

of recent progress in spatial localization of spikes. After an initial detection step, we denoise85 and localize the spikes.42

Localization is obtained in 3D by modeling the source of spikes as a point-source of brightness a and location (x,y,z) and solving for

(a,x,y,z) by minimizing the L2 loss between the observed spike amplitudes on all channels and the point-source reconstructed

amplitude. We then estimate the motion of the probe (i.e., drift) relative to the recorded neurons. For this registration step we use

the decentralized approach,43 which is more robust to boundary effects (i.e., neurons moving on or off of the short NP Ultra probe)

than the template-based registration method used in Kilosort2.5.43 After registration, we have a robust estimate of each spike’s

amplitude and position relative to the probe. Then, by subtracting the estimated drift from the position of each spike, we obtain a

set of 3D features for each unit: registered 2D position (taking only the ‘x’ and ‘z’ coordinates across the face of the probe from

the full fit 3D position) and spike amplitude.86 We cluster in this 3D feature space using HDBSCAN,87 and then recursively re-split

these clusters using additional features computed by principal components analysis applied within each cluster.88 Even after regis-

tration, we find that some units have some remaining drift (changes in mean registered location and amplitude) over time. Therefore

we divide the recording into 5-min segments that we separately cluster and then merge, to make the clustering step more robust to

these individual-unit drift effects.

Next we run a template-matching deconvolution step to resolve ‘‘collided’’ spikes that overlap temporally and spatially. To enable

drift-aware template matching, we construct a set of denoised "super-resolution" templates for each unit by dividing the depth of the

probe into 2 μm bins and then averaging the spikes localized to each bin separately. During template matching, we can then shift

these super-resolved templates according to the drift to efficiently detect spikes for each unit. One major benefit of this approach

is that we do not need to apply a shift/interpolation step to the raw data (as in Kilosort 2.5); in practice, we found that this raw-

data interpolation removed signal near the edge of the probe due to boundary effects, which are particularly problematic for the small

dense NP Ultra probes. In our approach, instead of shifting the raw data, we shift the templates, allowing us to robustly track neurons

moving on or off the probe.

As the initial clustering is usually imperfect, we perform the above steps iteratively: cluster, then deconvolve, then re-cluster on the

deconvolution output. We use the post-deconvolution collision-subtraction method85 to denoise the spikes obtained in the decon-

volution step, to enable improved iterative clustering.

Methods for site pattern comparison using spatial resampling

We resampled data recorded with NP Ultra to predict what signals would have been recorded from the same brain location and time

period with a lower density probe. To do this, we simply average together the four 5x5 μm NP Ultra sites that are co-localized with a

single 12x12 μm site in the resampled pattern (Figure 2E; due to the 1 μm gaps between sites in NP Ultra, the four 5x5 sites fill the

12x12 μm area almost exactly, with small missing gaps). In each case, a single 12x12 μm simulated recording site is obtained by aver-

aging across four 5x5 μm recording sites of NP Ultra, recapitulating the way that recording sites average signals over the extracellular

space that they span.23,89,90 We used this method to measure the expected changes in amplitude and waveform shape for the Neuro-

pixels 1.0 and 2.0 patterns, and a ‘‘large dense’’ pattern of 12x12 μm sites with 12 μm pitch (Figures 2G–2K, 3D–3G, 7D, and 7F).

For measurements of the site size and pattern dependence that include the effects of noise - specifically, for computing the ‘Tem-

plate SNR’ (Figure 2I) and for analyses involving spike sorting the resampled raw data (Figures 3D–3G) - we needed to create data

with realistic noise and waveform variation, which in real data combines electronic noise with signals from distant units. Averaging the

four raw traces together as described above reduces the noise by 1=
̅̅̅
2

√
; to boost the noise back to normal levels, simulated noise

with a matched frequency spectrum is added to the averaged traces (code at: https://github.com/jenniferColonell/NP_Ultra_

downsample).

An interpolation method was used for the analyses on waveform shape and peak amplitude in Figures S4 and S5. The mean wave-

form from the Ultra data was used to create a gridded interpolant (MATLAB, using ‘makima’ interpolation). The waveforms for an

arbitrary pattern with any site size and position can then be estimated by averaging together interpolated waveforms at sets of points

that span the model sites. This method has the advantage of allowing a test site pattern that is slightly better matched to the true NP

1.0 and NP 2.0 geometry than in Figure 2E.

Analyses of sorting quality

Spike amplitude was calculated as peak-to-peak voltage, i.e. the maximum voltage of the waveform minus the minimum (Figures 2G,

2H, S4A, and S5A).
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In template matching methods, a multi-site template is convolved with the filtered data to detect spikes. To quantify the impact of

site density on detectability in template matching, we calculate the ‘Template Matching Signal to Noise Ratio’ for each unit

(Figures 2I, S4B, and S5B) defined as:

TM − SNR =

∑

s

(T ⋅Vs)

N⋅std(T⋅VR)

Where T is the template vector of 40 time samples * number of sites in the template, and V is measured voltage on those sites

centered either at a spike time (to measure signal) or a randomly chosen time (to measure noise). S indexes spike times of the

unit, R indexes random times, and N is the spike count of the unit. This is an estimate of the signal to noise ratio in data filtered

by the template. Spike times for each unit are drawn from the sorted Ultra data, and the TM-SNR is calculated for the Ultra data

and spatially resampled data obtained from averaging sites (see exact patterns in Figure 2E).

The spatial spread of spikes was calculated as the standard deviation of the x-coordinates (lateral dimension, across the face of the

probe) or of the z-coordinates (axial dimension, down the length of the probe) across all spikes in a given unit (Figures 2J and 2K). For

the resampled patterns, these coordinates were computed by resampling each spike individually and then computing that spike’s

estimated coordinates using the same method employed in the main DARTsort pipeline.

To understand the possible effects of this spatial scatter in more detail, we computed the average distances between neurons, as

well as the minimum distance that each site pattern should be able to resolve, in a simple simulation (Figures S4C and S5C). We use a

Monte Carlo model to generate sets of peak-to-peak voltages over sites for a point source with 1/R amplitude falloff, placed 15 μm

from the probe, with peak amplitude at the probe of 50 μV and rms noise of 14 μV. For each set, all sites within 60 μm of the peak site

are fit to obtain an estimated XZ position.42 Modeled noise in the position estimate is the standard deviation of the Monte Carlo trials,

and is 5 μm for a NP Ultra probe, and 25 μm for the NP 2.0 pattern. The increased accuracy is due to the inclusion of more sites in the

60 μm radius of fit points, which decreases the impact of noise. These values are the upper limit of position resolution, and can be

compared to the measured distribution of nearest neighbor unit distances from the Ultra data. Units with nearest neighbor distances

below the spatial resolution of the probe will be more difficult to sort. The experimental nearest neighbor distributions are calculated

including both ‘unimodal’ and ‘overlapped’ units to build as complete a set as possible to assess the potential impact of this differ-

ence in spatial resolution on sorting. Note that standard deviations of positions in experimental data can be larger (see Figures 2J and

2K); this is likely due to variability in the spikes (background firing, incomplete drift correction) not captured in the simple model.

To measure how more detailed spatio-temporal waveforms could affect sorting, we created a waveform distance metric and

compared the waveform distances measured at varying site density (Figures S4D and S5D). Higher site density will always provide

more detail, and better confirmation of small differences, but the engineering question is whether the waveforms are ‘mostly’

smoothly varying and distinguishable with sparse sampling. To isolate the waveform distance from difference in z position and ampli-

tude, a neighborhood of rows centered about the peak row is taken for each template, and the amplitude is normalized. For the

spatially resampled patterns, the expected waveforms are calculated using interpolation of the full density waveform, with the

sparser pattern centered at the position of the peak row for each template. Centering the sparse pattern on the peak row ensures

the two templates look as similar as possible, by ensuring that the same part of the footprint is sampled.

A simple metric to compare the two normalized templates [A,B] is the L1 norm of the difference between the two divided by the sum

of the L1 norm of both waveforms, summed over sites, that is:

multi site L1 =

∑

sites

L1(A − B)

∑

sites

(L1(A)+L1(B))

This quantity is essentially the fraction of detected signal that is different between the two templates. It is a characterization of the

waveform shape that does not account for noise in individual spikes.

Yield, decoding, and stability testing with imposed probe-brain motion

Recordings

To make recordings with imposed probe motion in head-fixed mice (n = 2 mice, n = 6 sessions), we automated the probe motion

through manipulators (Sensapex Inc., uMP-4) using the Sensapex API via Matlab. Manipulators were programmed to alternate be-

tween moving forward and backward along the probe axis, for a total of 10 steps forward and 9 alternating steps backwards with

25 μm travel in each direction at 1 μm/s speed, which results in 25 μm net total forward displacement disposition of the probe by

the end of imposed motion. A digital synchronization signal was issued at the start and end of each motion step for later alignment

with neural data. To match neuron identities before and after imposed motion, a battery of 118 natural images with 60 repetitions per

image were presented to ‘fingerprint’ visual responses. Images were presented in a random order. An average of 30 repetitions of the

image set were presented before imposed motion, and an average of 15 repetitions were presented after imposed motion. The dura-

tion of each image follows a randomized exponential distribution (mean: 0.5 s; minimum: 0.2 s; maximum: 3 s). NP Ultra probes were

inserted into the visual cortex at 700-900 μm depth to sample deep layer neurons.

ll
OPEN ACCESSNeuroResource

Neuron 113, 3966–3982.e1–e12, December 3, 2025 e7



The NP Ultra imposed motion dataset was spike-sorted with DARTsort (see ‘‘spike sorting methods’’).41 The original full pattern

data, as well as the same data resampled to NP 1.0-like, NP 2.0-like, and 12 μm large dense site patterns (see ‘‘methods for

pattern comparison using spatial resampling’’ and Figure 2E), were sorted. The timing of imposed motion epochs was extracted

from a manipulator motion start/stop channel synchronized to the electrophysiology data.

Yield and stability analysis

To assess and compare the yield and tracking stability of recorded neurons across different channel densities (full density NP ultra,

NP 1.0-like, NP 2.0-like, and 12 μm large dense), visual response fingerprints were created for each unit by concatenating average

PSTHs (window 0 to +250 ms aligned to image onset, bin size 10 ms) for all 118 images into a single vector. PSTHs were normalized

for a given unit by subtracting its baseline activity (-100 to 0 ms) averaged across trials prior to image onset. PSTHs were denoised by

reconstructing each PSTH from the top two principal components taken on the average PSTH per image x time points matrix for each

unit (dimensions 118x35).

To determine whether a unit had a reliable visual fingerprint, a null distribution for each unit was created by randomly permuting the

image identities before concatenating the PSTHs into a vector (Figures 3B and S7A). This distribution preserves the noise and

average PSTH time-course of a given unit while disrupting its selective visual response fingerprint. Average PSTHs were calculated

from odd-numbered pre-motion trials and even-numbered pre-motion trials. Image identities were randomly permuted 1,000 times,

and odd-numbered pre-motion trials were used to create the null distribution. Units were considered to have a reliable visual

response if their original correlation score (i.e. pre-motion odd vs. pre-motion even trials) was greater than all scores in their null

distribution (i.e. 1,000 pre-motion odd shuffles vs. pre-motion even trials). This ensures that included neurons have both a reliable

fingerprint (i.e. responses are consistent between trials of the same image) and a selective fingerprint (i.e. responses to each image

significantly vary).

To create a distribution of pre- vs. pre- and pre- vs. post- imposed motion fingerprint correlations (Pearson correlation coeffi-

cient), 1000 unique sets of visual fingerprint vectors were constructed for each neuron by randomly partitioning the image repe-

titions for each image before imposed motion into 2 non-overlapping subsets (15/30 trials in each subset, for all 118 images). In

each of these 1000 sets, fingerprints from each pre-motion subset of trials (i.e. the average across trials) were correlated, and the

fingerprint from one pre-motion subset was correlated with the fingerprint from the post-motion trials (Figures S7B and S7C). The

fingerprint stability ratio for a given neuron was calculated by dividing the mean of the 1,000 pre- vs. post-motion correlations by

the mean of the 1000 corresponding pre- vs. pre- correlations. To compare fingerprint stability tracking across the 4 site patterns,

stability ratios for every neuron sorted from a given pattern were pooled across all sessions (Figure 3H). Neurons were only

included in this analysis if they had a reliable visual response and had a stable firing rate between the pre- and post-motion pe-

riods (neurons were dropped if the mean firing rate across all PSTHs in pre-motion period was >4x different than that of the post-

motion period).

Image decoding analysis

To assess whether the increased yield of visually responsive neurons captured by NP Ultra corresponded to increased information

about visual stimuli, we decoded natural image identities from NP Ultra and compared the performance to decoding from LD, 2.0, and

1.0 patterns. Only visually responsive neurons, i.e. those with a reliable visual fingerprint, were included in the analysis. A minimum of

5 visually responsive neurons per probe was required for inclusion in analysis. Only images displayed before imposed probe motion

were included in the analysis.

For each visually responsive neuron, we constructed PSTHs for each trial across all images, using 10 ms bins from -100 to 250 ms

relative to stimulus onset. We then performed singular value decomposition (SVD) on the binned PSTH arrays of each neuron (size

trials x time bins), retaining the first two principal components to obtain a low-dimensional representation of each neuron’s activity

pattern. These per-neuron components were concatenated to form a population representation of image PSTH responses. A second

SVD was then applied to this population representation, and a maximum of 15 dimensions were retained as predictors for decoding

(fewer than 15 dimensions if there were 7 or fewer visually responsive neurons available).

Rather than attempting to classify all 118 images simultaneously, we employed a pairwise decoding strategy. For each possible

pair of images (6,903 unique pairs from 118 images), we trained a separate binary classifier. Unregularized Linear Discriminant Anal-

ysis (LDA) with diagonal covariance estimation was used as the classification algorithm ("diaglinear" option in MATLAB’s fitcdiscr). To

address potential class imbalance, observation weights were applied inversely proportional to class frequencies. Decoding accuracy

was assessed using 5-fold cross-validation.

The decoding pipeline (SVD dimensionality reduction → LDA on all image pairs) was run multiple times for each probe with

increasing numbers of neurons, starting from the minimum of 5 and incrementally adding neurons until reaching the maximum avail-

able in each population. When using less than the maximum number, neurons were randomly selected from the pool of visually

responsive cells.

We analyzed decoding performance per session and probe type by calculating mean decoding accuracy across all image pairs

and across the top 10% most decodable pairs per session and probe (Figure 3F). When analyzing decoding performance as a func-

tion of increasing neuron count, a minimum of 3 sessions was required for a given neuron count on a specific probe type to

be included in the analysis (Figure 3G). Statistical comparisons between probe types were conducted using paired comparisons

(Wilcoxon signed-rank test) between probe types on the same session.
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Biophysical simulations

All neural simulations (Figures S3, S10, and S11) were done through LFPy 2.391 running on NEURON 8.1.92 Action potentials were

evoked by a step current injection (POINT_PROCESS in NEURON), where the amplitude of the current was adjusted for each cell

model to evoke an action potential. Calculations of extracellular potentials were done with LFPy, assuming an electrode diameter

of 5 μm, incorporated through the disc-electrode approximation. Simulations in Figure S3 used the rat layer 5 pyramidal cell model.93

Simulations in Figure S11 used the rat layer 5 pyramidal cell94 (available from https://modeldb.science/144526), and the parameters

for the passive and active conductances for the axon models used in Figure S10 were extracted from the same neuron model.

Recordings from species other than mouse

Recordings from monkey

One macaca nemestrina weighing 6.6 kg (female, 9 yr) participated in the experiments which were conducted in the anesthetized,

paralyzed preparation. At the start of the experiment the animal was placed in the stereotaxic instrument and then a craniotomy

and a durotomy were performed to target the primary visual cortex (V1). Anesthetic and paralytic regimens are as described else-

where.95 All animal procedures conformed to National Institutes of Health guidelines and were approved by the Institutional Animal

Care and Use Committee at the University of Washington.

The NP Ultra probe was advanced into the cortex using a hydraulic Microdrive (MO-97A, Narishige) which was mounted onto the

stereotaxic arm. Once spike waveforms first appeared on the spikeGLX activity map, we retracted the probe 50 μm and mapped the

receptive field (RF) of recorded neurons using achromatic bars under experimenter control. Then data collection on the main exper-

iment began, during which we presented 200 images of naturalistic objects96 repeatedly (presentation duration: 200 ms). Images

were sized to cover mapped RFs.

As the data were continuously collected we completed the following sequence of operations 11 times: (1) probe at rest for 10 min,

(2) advance probe 300 μm deeper over a 2 min duration, (3) retract probe for 50 μm. This procedure allowed us to record spike wave-

forms at 11 different depths where every depth was 250 μm deeper than the previous recording site. Following completion of the

recording session, we retracted the probe and confirmed that spikes completely disappeared at a depth within 200 μm from where

spikes had first appeared during probe insertion.

Stimuli were presented on a liquid crystal display monitor (24 inches; 100-Hz frame rate; 1920x1080 pixel size, XL2430-B, BENQ)

using custom experimental control software, Pype2.97 Neural data were acquired using spikeGLX with internal tip reference.

The data were batch sorted based on epoch timing, with Kilosort 2.0 using a 96 site template, and units were selected with an

automated quality metric within Kilosort 2.0 like recordings from other species.

Recordings from lizard

All experimental procedures were performed in accordance with German animal welfare guidelines: permit no: V54-19c20/15-F126/

2006 delivered by the Regierungspraesidiμm Darmstadt (E. Simon).

A day before surgery, the lizard was administered analgesics (butorphanol, 0.5 mg kg− 1 subcutaneously; meloxicam, 0.2 mg kg− 1

subcutaneously) and antibiotics (marbofloxacin, marbocyl, 2 mg kg− 1). On the day of surgery, anesthesia was initiated with isoflurane

in an induction box and maintained with 1–4% isoflurane after intubation (Hallowell EMC anesthesia Workstation AWS). The lizard

was placed in a stereotactic apparatus (Kopf 963) after ensuring deep anesthesia (absence of corneal reflex). Body temperature

during surgery was maintained at 30◦C using a heating pad and esophageal temperature probe (Harvard apparatus part number

50-7213). Heart rate was monitored using an Ultrasonic Doppler flow detector (PARKS medical electronics, INC. model 811-B).

The skin covering the skull was disinfected using a 10% povidone-iodine solution before removal with a scalpel. A fine layer of

UV-cured glue (Oxford Flow Light Cure Flowable micro-hybrid composite A2) was applied around the exposed surfaces of the skull.

A 3×2 mm craniotomy was then drilled around the parietal eye and the pericranium was removed. The parietal eye was retracted and

fixed to the posterior edge of the craniotomy using histo-acryl tissue glue. The dura and arachnoid layers covering the forebrain were

removed with fine forceps. A silver wire was inserted into the CSF fluid next to the olfactory tract, acting as both reference and

ground. Pia was removed over the area of probe insertion (medial cortex). Prior to insertion, the probe was mounted on a movable

drive (R2Drive, 3DNeuro), and secured to a stereotactic holder. The probe was stained with DiI (Invitrogen™, Vybrant™ DiI cell labeling

solution) and implanted 500 μm deep in the medial cortex (MC) at a speed of around 100 μm/s.

After insertion of the probe, the brain was covered with Duragel (Cambridge Neurotech), and the craniotomy sealed with sterile

vaseline. The microdrive base was fixed to the skull with UV glue and the microdrive was released from the stereotactic holder.

Finally, a 3D-printed cap was mounted around the skull. The cap provided mechanical protection, carried the head-stage, as well

as colored strips of tape for head-direction and position tracking. A silicone sealant (Kwik-Cast, World Precision Instruments) was

applied around the edges of the cap and skin. After surgery, the lizard was released from the stereotactic apparatus and left on a

heating pad set to 30◦C until full recovery from anesthesia. On the days after the surgery, probes were slowly lowered into the tissue

(up to 280 μm a day).

During recording sessions, lizards were freely moving in a 150 cm diameter circular arena, with two salient opposing visual cues in a

brightly lit room. The room was heated to 29◦C, allowing lizards to stay active for an extended duration. Live prey items (mealworms)

were dropped into the arena at random times and locations, motivating lizards to explore and maximize arena coverage.

After the end of the experiments, the lizard received intramuscular injections of ketamine and Dormicom, followed by induction and

intubation with isoflurane as described in the surgical method. The 3D printed cap, head-stage, and microdrive carrying the probe
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were retrieved. Lizard was then decapitated and immediately perfused through the carotid arteries with PBS, followed by 4%

formaldehyde. The brain was removed and stored in 4% formaldehyde for one day, followed by an additional day in a 30% sucrose

solution. The brain was frozen with dry ice and cut into 70 μm coronal slices. Slices were mounted on glass slides, and stained with

DAPI. The final position of the tip of the probe was identified based on tissue damage and a DiI signal, imaged using a slide-scanner

(Zeiss, Axio scan Z.7). The data were batch sorted with Kilosort 2.0 using a 96 site template, and units were selected with an auto-

mated quality metric within Kilosort 2.0 like recordings from other species.

Recordings from electric fish

All experiments adhered to the American Physiological Society’s Guiding Principles in the Care and Use of Animals and were

approved by the Institutional Animal Care and Use Committee of Columbia University. Weakly electric mormyrid fish (7-12 cm in

length) of the species Gnathonemus petersii were used for recordings. Fish were housed in 60 gallon tanks in groups of 5-20. Water

conductivity was maintained between 65-100 microsiemens both in the fish’s home tanks and during experiments. For surgery to

expose the brain for recording, fish were anesthetized (MS:222, 1:25,000) and held against a foam pad. Skin on the dorsal surface

of the head was removed and a long-lasting local anesthetic (0.75% Bupivacaine) was applied to the wound margins. A plastic rod

was attached to the skull with Metabond (Parkell) to secure the head and a craniotomy was performed over the C1 region of the

cerebellum. Gallamine triethiodide (Flaxedil) was given at the end of the surgery (∼20 μg/cm of body length) to immobilize the fish

and fresh aerated water was passed over the fish’s gills for respiration. The rate of the electric organ discharge motor command

was monitored continuously by electrodes positioned near the electric organ in the tail. Electrosensory stimuli were delivered

(0.2 ms duration square pulses) between an electrode in the stomach and another positioned near the tail. Probes were inserted verti-

cally into the cerebellum along the midline and lowered slowly (∼10 μm/s) to a final depth of ∼3.5 mm. The data were batch sorted

with Kilosort 2.0 using a 96-site template, and units were selected with an automated quality metric within Kilosort 2.0 like recordings

from other species.

Brain region abbreviations

MO: Somatomotor areas; ORB: orbital area; VIS: visual areas; PIR: Piriform area; CTXsp: cortical subplate; CA1: hippocampal CA1;

SUB: Subiculum; CA3: hippocampal CA3; DG: Dentate gyrus; cc: corpus callosum; VPM: ventral posteromedial nucleus of the

thalamus; VPL: Ventral posterolateral nucleus of the thalamus; PO: Posterior complex of the thalamus; CP: Caudoputamen; ACB:

Nucleus accumbens; MB: midbrain.

Optotagging

Optotagging experiments

For optotagging experiments, four different transgenic mouse lines were used: 1) Sst-IRES-Cre;Ai32, 2) Vip-IRES-Cre;Ai32, 3) Pvalb-

IRES-Cre;Ai32, and 4) Sim1-Cre;Ai32. Ai32 is a reporter line that expresses channelrhodopsin in Cre+ cells. In each experiment we

made recordings in parallel from 2-3 NP Ultra probes mounted on separate New Scale Technologies micromanipulators. Electro-

physiological signals were acquired with the Open Ephys GUI software as described previously.7 During the experiment, we recorded

sequentially at 3-4 depths within the cortex. Probes were first inserted superficially in the cortex (∼200 μm deep) and allowed to settle

for 10 min. We then ran the optogenetic protocol (described below). Next, probes were inserted deeper into the cortex (200-300 μm),

allowed an additional 10 min to settle, and the optogenetic protocol was repeated. This process was repeated for up to 4 probe inser-

tion depths. Recordings were made on a single day or on consecutive days from the same mouse. Recordings were spike-sorted with

Kilosort2.5 and manually curated for single unit activity.

We used a 470 nm laser to stimulate and optotag neurons expressing Cre and channelrhodopsin in each transgenic mouse line and

experiment. For interneuron photostimulation, lasers were coupled to a 200 μm optic fiber. For Sim1-Cre;Ai32 L5 pyramidal neuron

photostimulation, the laser path was guided by a pair of galvo-coupled mirrors to focus light to a precise point on the brain surface to

minimize recurrent excitation. We used two different photostimulation patterns: a 10 ms square-wave pulse and a 1 s raised cosine

ramp. On each trial, light was delivered at one of three light intensities levels (0.2, 4.1, and 10.0 mW/mm2). These six photostimulation

inputs were randomly interleaved, and each was repeated for 100 trials. The average inter-trial interval was 2 s. In total, the

photostimulation protocol lasted ∼20 min and recordings were conducted over a total of ∼30 min.

Identification of opto-tagged units

First-pass identification of opto-tagged units used an algorithmic approach to find units of similarly shaped peri-stimulus time histo-

grams (PSTH) during a 1 s raised cosine ramp stimulation at the highest light intensity (see above). This method did not disambiguate

between units that were directly stimulated and those that showed an indirect increase in firing rate. Identified units were used as a

baseline comparator for further classification.

Unsupervised identification of opto-tagged units in each transgenic mouse line was performed.38 First, the PSTHs for all stimula-

tion patterns within a given photostimulation intensity were averaged across all trials, then the average PSTH for each pattern and

intensity was concatenated, forming a neurons x response-vector matrix. This matrix was then normalized and PCA was applied

to reduce the dimensionality of the dataset. All units were then visualized in a low-dimensional space via Uniform Manifold Approx-

imation and Projection (UMAP) using all timeseries PCs. Doing so allowed us to determine whether units with a similar PSTH structure

aggregated to the same regions (Figure S16).
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Clustering of units was performed using Density-based Spatial Clustering of Applications with Noise (DBSCAN). We chose this

method of clustering units as it does not require an a priori knowledge of the number of clusters expected and is robust against

clusters of varying shapes and sizes, like those produced by UMAP. Hyperparameters for DBSCAN clustering were specific to

experiments performed within each transgenic line and were obtained using K-Nearest Neighbors (KNN) to estimate the distance

of each data point to the next closest point, then expanding this distance to include the 10th NN. The inflection point in the distribution

of these distance values was used as the cluster radius (ε) for DBSCAN. The resulting clusters of units were then compared against

those found in our first-pass sorting approach and validated by ensuring a short latency response during a 10 ms square wave pulse

photostimulation.

Supervised waveform classification of inhibitory neurons

Linear discriminant analysis

Linear discriminant analysis (LDA, Figure 6H) was performed via its implementation in SciKit-Learn (Python version 3.9.12). Briefly,

pairwise comparisons between unit classes proceeded first by randomly subsampling each dataset, without replacement, to the

lowest number of units among the unit classes to be compared (PV, n = 238). Only prePTR and PTR single-channel 1D features

were used in this analysis. Bootstrapping of the LDA model to subsamples of each unit class over 100 iterations with 100 random

initial states and each iteration cross-validated 5-fold. Performance of the model was quantified as how accurately the model

classified each unit, given a label matrix. Accuracy scores were averaged across all iterations for each comparison to give a

mean classification accuracy score and compared against chance levels of classifying a unit correctly (two classes per comparison,

chance = 0.5).

Cross-correlogram analysis for putatively monosynaptically connected neurons

Cross-correlograms were computed between each pair of neurons that included one narrow-spiking small footprint (NSS) and one

other (n > 125,000 pairs, n = 40 recordings) with a 1 ms bin size using all spikes from the recording. Excitatory interactions were

identified as those in which the post-reference spike firing rate period increased to greater than five times the pre-spike standard

deviation, whereas inhibitory interactions were those in which the firing rate decreased by at least the same amount.

Random forest classification

Validated opto-tagged units and untagged units formed the basis of a label matrix that was then used to classify neuronal types using

random forest classification. Because significant differences could be found between RS, NSL, and NSS groups (Figures 6E–6G and

7D), these units were included as distinct categories during classification.

Random forest classification was performed via its implementation in SciKit-Learn (Python version 3.9.12) using three different

feature sets computed independently on mean electrophysiological waveforms gathered from NP Ultra probes and interpolated,

Neuron features

Feature Abbreviation Definition Units

Amplitude Amp. the absolute difference in voltage between

the spike minimum (trough) and the post-

trough maximum (peak)

μV

Duration Dur. the time delay between the trough and

post-trough peak

ms

Pre-peak-to-trough ratio prePTR or pPTR the ratio between the maximum voltage

prior to the trough and the trough

ratio

Peak-to-trough ratio PTR the ratio between the maximum voltage

after the trough and the trough

ratio

Repolarization slope Repol. slope the slope of the linear fit between the trough

and 0.3 ms after the trough

mV/ms

Recovery slope Recov. slope the slope of the linear fit between the post-

trough peak and 0.3 ms after the peak

mV/ms

Average inter-spike interval Avg. ISI the average time between spikes calculated

across the recording, excluding epochs of

photostimulation

s

Baseline firing rate baseline FR the average firing rate 1 s prior to

photostimulation epochs

spks/s

Spatial footprint footprint the radial distance about the peak

amplitude channel within which the average

amplitude across channels ≤30 μV

μm

Features used for cell type classification, related to Figure 7 and STAR Methods section supervised waveform classification of inhibitory neurons.
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‘‘NP 1.0-like’’ unit-matched data. These feature sets were 1) 1-dimensional scalar values computed from the peak amplitude channel

(Figure 7C; neuron features table) 2) the peak amplitude waveform and 3) All 1D scalar features and spatial footprint.

The process of random forest classification proceeded as the following: NP Ultra data from the entire population of recorded units

was spatially resampled to a NP 1.0-like geometry (Figure 2E). Units for which the peak channel amplitude dropped below 50 μV were

then removed from both datasets for the purposes of this analysis. Data (NP Ultra and NP 1.0-like) from each unit class category was

then randomly subsampled, without replacement, to the lowest number of units among optotagged cell types (SST, 116 units) and

pooled. This process was repeated through 100 iterations using 100 initial states. Principal components analysis was then performed

on the pooled data for each probe type prior to classification and classifier hyperparameters were then optimized via grid search

using 5-fold cross validation. Classification proceeded via 5-fold cross-validation where the classifier was trained on 80% of the input

data and performance was evaluated using held-out test data (20%). Classification performance was evaluated as the prediction

accuracy of the classifier on left-out data over each bootstrapped iteration. Confusion matrices were computed as the comparison

of predicted classes to true classes for each subsampled dataset under 100 random initial states.

Multimodal classification of inhibitory neurons

To improve cell-type classification of the optotagged units, a recently developed multimodal cell-type classification method NEMO

(Neuronal Embeddings via MultimOdal contrastive learning) was utilized.98 NEMO is a multimodal contrastive method based on

CLIP99 that jointly embeds the activity autocorrelations and average extracellular waveforms (templates) of each neuron. By finding

a joint representation of different modalities, NEMO is able to extract intrinsic properties of a neuron that are predictive of its cell

type.100,101

The activity autocorrelations were constructed by creating an autocorrelogram (ACG) image for each neuron. This involved

smoothing the spiking activity using a 250-ms boxcar filter, segmenting the firing rate distribution into 10 deciles, and constructing

ACGs for each decile. The resulting ACG image effectively represents how a neuron’s autocorrelations vary with its firing rate. By

generating ACGs for each decile, this approach captures firing rate-dependent changes in autocorrelations.36 To eliminate stim-

ulus-induced effects, we excluded spikes occurring within 1,100 ms of each stimulus onset and computed ACG images using

only the remaining data. The average waveforms were constructed from approximately 500 recorded waveforms for each neuron.

We utilize multi-channel templates which take advantage of the detailed spatial structure enabled by the small channel spacing.

We use nine channels with the highest peak-to-peak (ptp) amplitude, re-ordered from highest to lowest amplitude.

NEMO was trained on the activity autocorrelations and average waveforms for all the untagged units (8,491 neurons) in a fully self-

supervised manner. NEMO was then fine-tuned to classify the optotagged units. NEMO was evaluated using 5-fold cross-validation

with 10 repeats. By pre-training on untagged units and fine-tuning on the optotagged units, NEMO was able to reach a .80 F1 score

and balanced accuracy on classifying inhibitory cell types (the confusion matrix is shown in Figure 7H).

ll
OPEN ACCESS NeuroResource

e12 Neuron 113, 3966–3982.e1–e12, December 3, 2025


	Ultra-high-density Neuropixels probes improve detection and identification in neuronal recordings
	Introduction
	Results
	Probe design and characterization
	Higher site density improves the quality and yield of spike sorting
	Subcellular recordings from axons and dendrites in mouse isocortex
	Small-footprint extracellular action potentials across mouse brain regions and different species
	Spatial footprints of genetically identified cell types
	Classification of cortical inhibitory neurons

	Discussion
	Resource availability
	Lead contact
	Materials availability
	Data and code availability

	Acknowledgments
	Author contributions
	Declaration of interests
	Supplemental information
	References
	STAR★Methods
	Key resources table
	Experimental model and study participant details
	Method details
	Probe noise model
	Signal attenuation due to electrode impedance
	Noise performance

	Noise and gain characterization
	Crosstalk estimation
	Light artifact tests
	Recordings from diverse brain regions in the mouse
	At UW
	At Janelia
	At University College London

	Muscimol experiments
	Spike sorting methods
	Methods for site pattern comparison using spatial resampling
	Analyses of sorting quality
	Yield, decoding, and stability testing with imposed probe-brain motion
	Recordings
	Yield and stability analysis
	Image decoding analysis

	Biophysical simulations
	Recordings from species other than mouse
	Recordings from monkey
	Recordings from lizard
	Recordings from electric fish

	Brain region abbreviations
	Optotagging
	Optotagging experiments
	Identification of opto-tagged units

	Supervised waveform classification of inhibitory neurons
	Linear discriminant analysis
	Cross-correlogram analysis for putatively monosynaptically connected neurons
	Random forest classification

	Multimodal classification of inhibitory neurons




