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Sensory systems support generalization by representing features that
persist under input variation; however, identifying the neuronal basis of
these invariances remains difficult due to high-dimensional and nonlinear
neural computations. Here we leverage the inception loop paradigm,
iterating between large-scale recordings, predictive models and in silico
experiments within vivo verification, to characterize neuronal invariances
inmouse primary visual cortex (V1). We synthesize varied exciting inputs
(VEIs), dissimilar images that drive target neurons. These VEIs revealed a new
bipartite invariance: one subfield encodes a shift-tolerant high-frequency
texture and the other encodes a fixed low-frequency pattern. This division
aligns with object boundaries defined by spatial frequency differences
inhighly activating images, suggesting a contribution to segmentation.
Analysis of the MICrONS dataset revealed a hierarchy of excitatory neurons
inmouse V1layers 2/3: postsynaptic neurons exhibited greater invariance
than their presynapticinputs, while neurons with lower invariance formed
more connections. Together, these results provide insights and scalable
methodology for mapping neuronal invariances.

Acentral challenge of visual perceptionis toinfer latent features despite
fluctuations in raw sensory inputs. Recognizing a familiar facein a
crowd requires extracting relevant features across changesin distance,
three-dimensional (3D) pose, scale and illumination. While these vari-
ations are considered ‘nuisance’ variables, the brain must represent
them because they are crucial for other tasks, such as navigating the
crowd to approach the familiar face.

To understand how brains effectively disentangle high-
dimensional sensory inputs and robustly extract latent variables',

we must identify the features to which neurons exhibit selectivity
(features that evoke maximal responses) and invariance (feature vari-
ations that preserve a high response magnitude). Identifying neuronal
invariancesis extremely challenging because of the enormous search
space of visual stimuli, the nonlinear information processing in the
brainand the limited experimental time. Consequently, previous stud-
ies have been limited to parametric stimuli (for example, gratings) or
semantic categories (for example, objects and faces)*, chosen based
on strong assumptions about the invariance structure. The classic
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exampleis Hubel and Wiesel’'s complex cellsin the primary visual cortex
(V1)®, which are tuned to gratings of a preferred orientation but invari-
ant to spatial phase, in contrast to simple cells, which are selective to
both orientation and spatial phase. Beyond such classical parametric
invariances, however, we still lack asystematic, general framework for
uncovering other forms of invariances.

Here, we take adata-driven, systematic approach tostudy neuronal
invariances, leveraging the previously introduced ‘inception loop’ para-
digm’. Using large-scale calciumimaging data, we trained a deep neural
network modeltoaccurately predict mouse V1 neuronal responses to
arbitrary, new naturalimages. This model enables high-throughputin
silico experiments, revealing neuronal response properties unattain-
able through traditional in vivo methods.

Using the trained model as a ‘digital twin’, we synthesized, for
eachneuron, asetof stimuli thatelicited strong responses while being
maximally different from one another called ‘varied exciting inputs’
(VEIs; Fig.1a). Variation across aneuron’s VEIs reveals the visual features
that defineitsinvariances. To validate these model-generated predic-
tions, we closed the loop by presenting VEIs back to the animal while
recording the activity of the same neuronsin vivo. Our results confirm
the model’s predictions, demonstrating that VEIs reliably evoke strong
responses intheir target neurons.

Thestructure of the VEIsreveals anew functional invariancein V1
neurons, whichwerefer to as ‘bipartite invariance’. These VEIs partition
the receptive field (RF) into two distinct, nonoverlapping subfields:
avariable subfield that responds robustly to different crops from a
preferred texture and a fixed subfield that responds strongly only toa
particular spatial pattern. These neurons also prefer stimuli in which
the two subfields differ in spatial frequency content, with the variable
subfield biased toward higher spatial frequencies. This spatial and
frequency division suggests that bipartite V1 neurons may serve as
specialized detectors of object boundaries defined by abrupt changes
intexture and spatial frequency.

Finally, we adapted our methodology to analyze the MICrONS
functional connectomics dataset® using a state-of-the-art founda-
tion model’. This analysis reveals a hierarchical organization among
excitatory neurons in V1layers 2/3 (L2/3) in which postsynaptic neu-
rons exhibit greater invariance than their presynaptic partners, and
neurons with lower invariance form more synapses than those with
higher invariance. Our findings collectively suggest a new principle
of RF organization in the mouse primary visual cortex, offering new
insights into how the brain might extract visual features from com-
plex backgrounds and advancing our understanding of circuit-level
mechanisms underlying neuronalinvariance.

Results

VEIs identify neuronal invariances

In this study, we employed inception loops™°, a closed-loop experimen-
tal paradigmin which wefirst recorded neuronal responses to natural
images, thentrained a deep predictive model and used it to synthesize
stimulithat were subsequently presented back to the same neurons to
investigate single-neuroninvariances in mouse V1 (Fig. 1b).

We presented 5,100 unique natural images from ImageNet (ILS-
VRC2012)" to awake, head-fixed mice while recording the activity of
thousands of V1 L2/3 excitatory neurons using two-photon calcium
imaging (Fig.1c). We used the recorded neuronal activity to train convo-
lutional neural networks (CNNs) to predict the responses of these neu-
rons toarbitrary naturalimages (Fig. 1d). Model performance, assessed
on held-out repeated images using a noise-normalized correlation
metric’*(Supplementary Fig.1), reached amedian of 0.71across 33,714
neurons, comparable to state-of-the-art mouse VI models™ ™" (Fig. 1e).

We adapted and extended recently developed optimal stimulus
synthesis frameworks to map both the selectivity”'® and invariance'
of individual neurons in silico. In our study, ‘selectivity’ refers to the
specific image features eliciting maximal neuronal responses, while

‘invariance’ denotesimage variations preserving high response magni-
tude. Expanding on our previous work’, which identified a single most
exciting input (MEI) for each neuron, we now generate aset of 20 VEIs
(Fig. 1a) to characterize neuronal functional invariance. These VElIs,
whichwe also refer to as ‘nonparametric VEIs’ for ease of comparison
in subsequent analyses, are defined as images that are maximally dis-
similar in the pixel space but all strongly activate the target neuron,
with each VEI constrained to elicit at least 85% of the MEI response in
silico (Methods).

Our VEIsynthesis method successfully reproduced the expected
functional invariances in simulated Hubel and Wiesel simple and
complex cells (Fig. 2a). For simulated simple cells, VEIs resembled
Gabor patches withidentical orientation, spatial frequency and phase
(Fig. 2a, simulated simple), aligning with linear-nonlinear model
predictions.In contrast, simulated complex cell VEIsincluded Gabor
patches with different phases, reflecting their known phase invariance
(Fig. 2a, simulated complex).

VEIs from mouse V1 neurons strongly resembled their correspond-
ing MEIs, while exhibiting specific variations indicative of different
invariance types (Fig. 2a, mouse V1 neurons; see more examples in
SupplementaryFig.2). Some neurons produced nearly identical VEls,
suggesting a lack of invariance akin to simulated simple cells (Fig. 2a,
mouse simple). A small subset of V1 neurons exhibited VEIs with varying
phases while maintaining consistent orientation and spatial frequency,
closely resembling the behavior of simulated complex cells (Fig. 2a,
mouse complex).

Among neurons strongly activated by non-Gabor stimuli”®, some
were strongly activated by VEIs that appeared as patches sampled
fromacommon underlying texture canvas, demonstrating global shift
invariance (Fig. 2a, mouse texture). We termed these neurons ‘texture
cells’, in analogy to similar units observed in hidden layers of deep
artificial neural networks trained for object recognition'®”. Of note,
many neurons exhibited a new type of invariance that we denoted as
‘bipartite RF invariance’ or equivalently, ‘bipartite invariance’, where
one portion of their RF preferred a fixed spatial pattern, while the
otherresponded robustly to different spatial translations of a specific
texture image (Fig. 2a, mouse bipartite). In other words, the neuron’s
response to the variable subfield remained strong when different
crops of an underlying texture canvas were presented. We referred
to these neurons as ‘bipartite cells’. To quantify these phenomena,
we computed a diversity index for each neuron based on the average
pairwise dissimilarity amongits VEIs (Methods). The diversity indices
of mouse V1 neurons spanned a continuous spectrum, with those of
simulated simple and complex cells at the opposite extremes (Fig. 2b).

To assess whether the invariances captured by VEIs also appear in
naturalimages, we screened over 41 million crops to identify those that
elicited VEI-like activation (Extended Data Fig.1a). We found that only a
smallfraction (0.006%) of these images produced responses compara-
bleto VEIsinsilico (=85% of the MEl activation; Extended Data Fig. 1b)
and only 37% of neurons yielded more than 20 such highly activating
natural stimuli. Notably, the highly activating natural crops closely
resembled VEIs (Extended Data Fig. 1c,d), albeit with lower diversity
(Extended DataFig.1e), highlighting the extreme lifetime sparsity of the
neural code”. Collectively, these findings suggest that VEIs effectively
capture naturally occurring invariances.

To test whether model-synthesized VEIs indeed elicit strong neu-
ronal responses as predicted, we presented MEIs and VEIs back to
the same neurons in awake mice under two protocols that varied the
number of VEIs and repeats per image: (1) randomly selecting ten
VEIs from the set of 20 VEIs synthesized per neuron and presenting
each stimulus 20 times; and (2) presenting all 20 VEIs once for each
neuron (Methods). Across all closed-loop experiments, individual
VEIs robustly activated their target neurons in vivo (Fig. 2c,d and
Extended Data Fig. 2a). Figure 2cillustrates this for one example neu-
ron, with only two out of ten VEIs eliciting responses lower than 85% of
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Fig.1| A deep neural network model accurately predicts mouse V1responses
to natural scenes. a, Schematic of the optimization of MEIs and VEIs. The
vertical axes depict the activation of two model neurons as a function of two
example image features. Left, neuron without obvious invariance; right,
neuron with phase invariance to its optimal stimulus. Black curvesillustrate
optimization trajectories for MEI from different initializations (left) and for
VEIs as perturbations starting from the MEl along the invariance ridge (right).
b, Schematic of the inception loop paradigm. On day 1, we presented sequences
of naturalimages and recorded in vivo neuronal activity using two-photon
calcium imaging. Overnight, we trained an ensemble of CNNs to reproduce the
measured neuronal responses and synthesized artificial stimuli for each target
neuroninsilico. On day 2, these stimuli were presented to the same neurons
invivo to compare measured and predicted responses. ¢, We presented 5,100
unique natural images to an awake mouse for 500 ms each, interleaved with gray
screen gaps of random length between 300 and 500 ms. A subset of 100 images

was repeated ten times to estimate neuronal response reliability. Neuronal
activity in V1L2/3 was recorded at 8 Hz using wide-field two-photon microscopy.
Behavioral traces including pupil dilation and locomotion velocity were also
recorded. d, CNN model architecture schematic. The network is composed of a
three-layer convolutional core with a single-point readout predicting neuronal
responses, a shifter network accounting for eye movements and a behavioral
modaulator predicting neuron-specific adaptive gain””’. Average responses (gray)
to testimages for two example neurons are plotted with corresponding model
predictions (black). e, Performance of the model ensemble, measured as the
normalized correlation coefficient between predicted and observed responses
to the 100 held-out images (CC,,,)">. Data were pooled over 33,714 neurons from
14 mice (median 0.71, dashed line). Excessively noisy neurons (CC,,,, < 0.1) were
excluded (0.2% of all neurons). Neurons with CC,,,., outside [0, 1]were clipped
(1.2%) for visualization.
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Fig. 2| VEIs evoked strong and selective responses in target neurons while
exhibiting population-decodable differences. a, Examples of MEl and VElIs for
simulated simple and complex cells, and mouse V1 neurons. For each neuron,
zero-crossing contours fromindividual VEIs (locations where the image intensity
transitions from positive to negative values or vice versa) were overlaid.

b, Diversity indices for 60 simulated complex cells (red), 60 simulated simple
cells (blue) and 10,228 V1 neurons pooled from 14 mice (gray), including 500
tested in closed-loop experiments from eight mice (unfilled). Diversity index
isdefined as the normalized average pairwise Euclidean distance in pixel space
across the VEIs. Diversity indices for noiseless simple cells (0, blue dashed) and
complex cells (1, red dashed) were shown for reference. V1 neuron diversity
indices differed from simulated simple and complex cells (P=3.1x10"* and
1.2x107%, two-sided Welch'’s t-test with 72.4 and 69.0 d.f., respectively). For
closed-loop experiments, we randomly selected neurons with high diversity
indices (Methods). Example neurons from a were indicated on the x axis with
the corresponding colors. Diversity indices <—0.25 were clipped to -0.25 for
visualization (0.09% of all V1 neurons). ¢, Response of an example neuron to

its MEl and ten random VEIs. Both MEl and individual VEI were averaged across
20 repeats. Only two out of the ten VEIs elicited responses lower than 85% of
the MEI response (one after Benjamini-Hochberg (BH) correction for multiple
comparison).d, Comparison of mean responses to MEl and one random VEI per
neuron. VEIs stimulated in vivo responses in target neurons close to the level
predicted insilico relative to MEI (74 + 4% versus 85%) (two-sided Wilcoxon
signed-rank test, W=4,902, P=0.19) with only 274 0f 1,490 VEIs (18.4%) showing

Correlation coefficient

Mean response VEI decoding accuracy (%)

to MEI (a.u.)
responses lower than 85% of the corresponding MEI response (3.0% after BH
correction) (P<0.05, one-sided Welch'’s t-test with 32.6 average d.f.). Data were
pooled over 149 neurons from two mice. e-h, VEl responses were averaged
across 20 different VEIs with each presented once. e, Both MEl and VEIs activated
neurons with high specificity. Confusion matrices showed responses of each
neuron to MEI (left) and VEIs (right) for 61 neurons in one mouse. Responses of
each neuron were normalized, with each row scaled so the maximum response
across allimages equaled 1. Neurons’ responses to their own MEl and VEIs (along
the diagonal) were larger than those to other MEIs and VEIs, respectively (two-
sided permutation test, P<10™*for both cases). f, Predicted versus observed
responses of one example neuron to its own MEl and VEIs and 79 other neurons’
MEIand VEIs. g, Our model exhibited high predictive accuracy for both MEl and
VEIresponses (Pearson correlation coefficient between predicted and observed
neuronal responses r=0.74 and 0.75, respectively). h, VEIs stimulated in vivo
responses close to the level predicted in silico relative to MEI (75 + 3% versus 85%)
(two-sided Wilcoxon signed-rank test, W=51,360, P=4.9 x10™*), with only 9.6%
of all neurons showing different responses between VEIs and 85% of MEI (1.2%
after BH corrections) (P< 0.05, two-sided Welch'’s t-test with 34.06 average d.f.).
g h, Data were pooled over 500 neurons from eight mice. i, In vivo population
responses inmouse V1L2/3 discriminated between arandomly selected pair of
VEIs for each neuron. VElidentity in individual trials was decoded using a logistic
regression classifier (see Methods for details), with decoding accuracies across
neurons (median 80%) exceeded chance level (50%, dashed; one-sample ¢-test,
t=28.0,P=5.0 x10"*). Data were pooled over 149 neurons from two mice.

the MEI response. Across all neurons tested in two mice, only 274 out
of 1,490 VElIs (18.4%) elicited responses lower than 85% of their corre-
sponding MEI. Power analysis based on resampled MEl trials suggested
that individual VEI responses typically ranged between 64 and 73% of
the MEIresponse (95% Cl at power 0.184; Extended Data Fig. 2b). Con-
sistently, when searching 41 million naturalimage patches, only 0.17%
produced responses exceeding 64% of the MEl response, highlighting
the extreme sparsity of high-activating stimuliin natural vision. We also
evaluated whether a set of 20 VEIs, each presented once, elicited the

same overall activation as a single randomly selected VEI presented
20 times. Our results demonstrated that this was the case, validat-
ing that VEI sets provide a reliable measure of neuronal activation
(Extended DataFig. 2c--e). In subsequent experiments, we utilized VEI
sets alongside control stimuli and systematic manipulations of VEIs to
investigate their collective properties.

Similar to MElIs, VEIs were selective for the neurons they were
optimized to activate, consistently eliciting higher activity in
their target neurons compared to non-target neurons (Fig. 2e and
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Supplementary Fig. 3).Inaddition, the digital twinaccurately predicted
the magnitude of neuronal responses to synthesized MEIs and VElIs,
yielding median Pearson correlation coefficients of 0.74 and 0.75,
respectively, between predicted and observed responses (Fig. 2f,g),
further validating our approach. Of note, VEIs strongly activated their
target neurons in vivo, achieving 75 + 3% of their corresponding MEI
activation when responses were averaged across sets of 20 distinct
VEIs, each presented once (Fig. 2h), close to the model prediction of
85%. This effect remained robust after controlling for eye movements
(Supplementary Fig. 4).

One potential concern was that differences across VEIs might be
indistinguishable to the animal, given the spatial acuity limits of the
mouse visual system. To address this, we presented one randomly
selected VEI pair per neuron and used the in vivo V1 population activ-
ity to decode VElidentity with alogistic classifier. Decoding accuracy
substantially exceeded chance (median 80%; Fig. 2i), demonstrating
that the V1population canreliably discriminate between VEIs and that
the observed single-neuron invariances correspond to perceptually
accessible image transformations.

We next asked whether VEIs simply lie near the MEl in image
space or instead follow specific directions that preserve activation.
As controls, we constructed two sets of images matched in pixel-wise
distanceto the MEIL: synthetic perturbations alongrandomdirections
from the MEI (equation (6)) and natural image patches close to the
MEI in the pixel space (Fig. 3a and Methods). Both control sets drove
substantially weaker responses than VEIs in closed-loop experiments
(Fig.3b,c), indicating that VEIs capture specific directions intheimage
manifold along which activation is preserved, rather than generic
proximity to the MEI.

Finally, we assessed the robustness of VEIs to changes in synthesis
conditions. We varied image and model initialization, the diversity
metric (pixel space versus a neuronal population latent space), the
synthesis method (including animplicit neural representation model),
andthe predictive modelarchitecture'*? (Fig. 3d and Methods). Across
these manipulations, VEIs remained highly specific to their target
neurons and showed high representational similarity to the original
VEIs, while preserving comparable diversity (Fig. 3e,f and Extended
DataFigs.3and4). Theseresultsindicate that the VEI-based invariances
reflectintrinsic neuronal properties rather thanartifacts of a particular
model or synthesis pipeline.

Bipartite parameterization of VEIs

To move beyond the qualitative description of bipartite invariances,
we next developed simple quantitative models with interpretable
parameters. We first modeled global shift invariance by synthesiz-
ing, for each neuron, a full-field texture that maximized the average
in silico response to random crops within its RF, extending previous
work from Cadena et al.” (Fig. 4a,b, middle rows). Random crops from
this optimized texture (‘full-texture VEIs’, VEls;,;) captured neurons
whose entire RF was approximately shift-invariant, akin to classical
complex cells. For many neurons, this global shift-invariant model
proved inadequate and produced stimuli that deviated visually from
the original nonparametric VEIs (Fig. 4b,c, middle versus top rows).
This suggested amore nuanced form of invariance in V1 neurons with
heterogeneous RFs (Fig.2a,b). We therefore introduced a ‘partial shift
invariance’ model that parameterized VEIs as the sum of two nonover-
lapping subfields within the RF: a fixed subfield, taken directly from
the MEl and held constant across VEIs, and a variable subfield inwhich
different crops of an optimized texture maintained high responses
(Fig. 4a,b, bottom rows).

To identify the fixed and variable subfields, we used the spatial
variance pattern across nonparametric VEIs to define a candidate
variable subfield and its complement as the fixed subfield; for each
candidate variable subfield size, we optimized a corresponding texture
and generated texture-based VEIs by combining texture crops with the

fixed MEI subfield (Methods and Extended Data Fig. 5a). We quantified
partial shiftinvariance with abipartite invariance index (BII) that sum-
marizes the trade-offbetweeninsilico activation and variable subfield
size (Methods and Extended Data Fig. 5b,c). Simulated simple cells,
complex cells, and V1 neurons exhibited low, high and intermediate
Bll values (medians 0.53, 0.87 and 0.65, respectively; Fig. 4g), with
estimates robust across model ensembles (Extended Data Fig. 5d).
Foreachneuron, we thenselected the variable subfield by maximizing
the harmonic mean of response strength and diversity of the resulting
texture-based VEIs (equation (9)), defining the corresponding stimuli
as‘partial-texture VEIS' (VEIS ;). Remarkably, VEIS i, visually resem-
bled the nonparametric VEIs more closely than VEls,,, as quantified
by representational similarity (Fig. 4d). During closed-loop experi-
ments, VEIS,,., activated neurons at levels comparable to nonpara-
metric VEIs (86% of the VEI response), whereas VEls,, elicited much
weaker responses (31% of the VEI response) (Fig. 4e,f). Notably, we still
observed stronginvivo responses toboth VEIs ., and nonparametric
VEIs even after excluding neurons whose VEIs,,, ., were dominated by
fixed subfields resembling the MEI (Supplementary Fig. 5).

We next tested the necessity and specificity of the two subfields
in VEIS i, by isolating or swapping the content within each subfield
(Extended DataFig. 6a). We found that both subfields were necessary
for high activation, masking out the fixed or variable subfield content
from the MEI reduced in vivo responses in target neurons to 74% and
33%, respectively (Extended Data Fig. 6b,c). Similarly, the contents
within both subfields were highly specific. Replacing the fixed sub-
field content with random natural image patches, or swapping the
optimized texture for the variable subfield with textures from other
neurons in VEIs,,;, decreased activity to 55% and 74%, respectively
(Extended DataFig. 6d,e). While our closed-loop validation primarily
focused on neurons exhibiting high levels of invariance, we also ran-
domly selected neurons fromall reliable and well-predicted V1 neurons
(corresponding to 79.0% + 0.5% of all neurons imaged per scan) for
closed-loop verification. This confirmed that our findings generalized
to the broader population (Supplementary Fig. 6).

We also conducted several additional controls to rule out alter-
native explanations for the bipartite structure. First, Neuropixels
recordings® from mouse V1 showed similar diversity and Blls to
those measured with two-photon imaging, and these indices showed
no dependence on inter-spike-interval (ISI) violations, a standard
marker of spike contamination?, arguing against imaging artifacts or
multi-unit contamination (Extended Data Fig. 7 and Supplementary
Fig.7).Second, alternative parameterizations that either allowed both
subfields to be texture-modulated (‘two-variable-subfield’ models;
Extended Data Fig. 8) or removed the spatial division between them
(‘no-spatial-division’ models; Extended Data Fig. 9) produced stimuli
that were less similar to the original VEIs and less effective at driving
responses, indicating that the specific bipartite parameterization
better captures the functional properties of these neurons. Third,
analyses combining bipartite masks with classical RF structure showed
that the bipartite organization cannot be explained by standard
center-surround structure (Extended Data Fig. 10). Finally, VEIs and Blls
were stable across models trained on trials stratified by eye-movement
amplitude, excluding trial-to-trial eye movements as a trivial source of
the observed bipartition (Supplementary Fig. 8). Collectively, these
findings demonstrate that V1 neurons’ highly activating input mani-
folds are best characterized by a bipartite structure, featuring one
subfield that prefers afixed spatial pattern and another that optimally
responds to random crops of an underlying texture image.

Bipartite structure aligns with natural object boundaries
defined by spatial frequency differences

Previous studies have demonstrated that MEIs capture complex
spatial features prevalent in natural scenes’. Given the bipartite RF
organizationrevealed by VEIS ,,.,, we asked whether mouse V1 neurons
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Fig. 3 | VEIs evoked stronger responses than controls and generalized across
different synthesis conditions. a, MEI, VEIs (top), synthesized controls (middle)
and natural controls (bottom) for one example neuron. Synthesized controls
were generated by perturbing MEIin random directions, while natural controls
were selected by searching through random natural patches. For each neuron,
both controls were restricted to be closer to the MEI than all the VEIs as measured
by Euclidean distance in pixel space. b, Synthesized controls failed to stimulate
their target neurons in vivo compared to VEIs (55 + 2% of VEI activation, two-
sided Wilcoxon signed-rank test, W=3,258, P=2.3 x10™*), with 36.8% neurons
showing lower responses to synthesized controls compared to VEIs (20.8%

after BH corrections; P< 0.05, two-sided Welch’s t-test with 30.4 average d.f.).

¢, Natural controls failed to stimulate their target neurons in vivo compared to
VEIs (63 + 3% of VEl activation, two-sided Wilcoxon signed-rank test, W= 6,442,
P=9.4x107), with 31.5% neurons showing lower responses to natural controls
compared to VEIs (16.0% after BH corrections; P< 0.05, two-sided Welch'’s ¢-test
with31.1average d.f.). b,c Response to each stimulus type was averaged over 20
differentimages with single repeat. Data were pooled from 318 neurons across
five mice. d, MEl and VEIs for the same neuronin a, synthesized under various
conditions: (1) differentimage initialization, (2) different model initialization,
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(3) different diversity metric, (4) different synthesis method?, and (5) different
modelarchitecture. e, VEIs synthesized under different conditions maintained
high specificity to their target neuron. Confusion matrices showed in silico
representational similarity between original VEIs and VEIs from differentimage
initialization (left) or VEIs from a different synthesis method” (right) (for other
conditions, see Extended Data Fig. 4a). Each entry represents the mean pairwise
cosine similarity between two sets of VEIs (Methods). Representational similarity
between original VEIs and VEIs synthesized from different conditions for the
same neurons (diagonal) was larger than cross-neuron similarity (off-diagonal)
(two-sided permutation test, P<10~*for all conditions after BH corrections).

f, VEIs synthesized under different conditions closely resembled the original VEIs.
The original VEIs were more similar to VEIs generated from various modifications
ind thanrandom neurons’ VEIs generated using the original method (two-sided
Wilcoxon signed-rank test, W=0,0,1,0,0,426,P=12x10",1.2x1077,1.3x1077,
1.2x1077,1.2x1077,and 2.2 x 1077, respectively, after BH correction). Box plots
show center line (median); box bounds (25th to 75th percentiles, IQR); whiskers
extend to the most extreme data points within 1.5 x IQR of the quartiles; caps
mark whisker ends; points beyond whiskers are plotted as outliers. e,f, Data were
pooled from 97 neurons randomly sampled across eight mice.

contribute to visual segmentation by preferentially responding to
object boundaries defined by texture discontinuities.

To test this hypothesis, we utilized a natural image dataset with
manual segmentation labels, Caltech-UCSD Birds-200-2011 (CUB)%.
The CUB datasetisacomprehensive collection of 11,788 images span-
ning 200 bird species, each annotated with pixel-resolution segmenta-
tion masks for object and background. We screened over amillion crops
from the CUB dataset in silico, matching mean and root mean square
(RMS) contrast to the MEl and VElIs, to identify highly activating crops
for each V1 neuron (Fig. 5a). Across the population, highly activating
crops were more likely to contain object boundaries than random crops

(SupplementaryFig. 9c). To further quantify the alignment between the
bipartite RF structure and the object boundaries in highly activating
CUB crops, we computed amatching score between the segmentation
label and the ‘bipartite mask’ defined by VEIs,,, i, (Fig. 5a and Methods).
Highly activating image crops exhibited better alignment between
bipartite subfield divisions and object boundaries than random crops,
indicating a preferential response to object-background divisions
(Supplementary Fig. 9a and Fig. 5b).

Next, we investigated which low-level visual statistics contribute
to this alignment. Analysis of VEIs,,,., revealed that most V1 neurons
(76.5%) preferred spatial patterns with higher median frequency in the
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Fig. 4 | Bipartite parameterization reproduces the visual features and in vivo
responses of nonparametric VEIs. a,b, Schematic of VEI synthesis using the
nonparametric approach (VEIs, blue), full-texture parameterization (VEIsg,,
purple), and partial-texture parameterization (VEIs ., orange) for an example
V1texture cell (left) and V1bipartite cell (right). VEIs,, were synthesized by
optimizing an underlying texture canvas, from which random crops masked by the
MEI'mask maximally activated the target neuron. In contrast, VEIs ,,,;; comprised
two distinct, nonoverlapping subfields: a fixed subfield directly masked from the
MEI, and a shift-invariant subfield preferring random crops from a texture image
synthesized similarly to VEIsg,,, but using only part of the MEI mask for texture
optimization. ¢, MEI, VEIs, VEIs,, and VEIs ,,;, for three example neurons, with
each VEItypeindicated by the corresponding color froma. d, VEIs, ., were more
similar to their corresponding nonparametric VEIs than VEIsg,, for both random
V1neurons and closed-loop neurons (two-sided Wilcoxon signed-rank test,
W=2,783,P=4.6 x10" and W=65, P=3.0 x10"%, respectively). e, VEIs, failed to

0.4 1

Mean response Bipartite invariance index

to VEls (a.u.)

stimulate their target neurons in vivo compared to nonparametric VEIs (31 +2%
of VEl activation, two-sided Wilcoxon signed-rank test, W=4,389, P= 6.2 x10™*)
with 43.4% of all neurons showing different responses to VEIsg,, than VEIs (29.4%
after BH corrections) (P<0.05, two-sided Welch'’s t-test with 29.4 average d.f.).

f, VEIs i, activated their target neurons in vivo similarly to nonparametric VEIs
(86 +4% of VEl activation, two-sided Wilcoxon signed-rank test, W=32,429,
P=7.0 x10™) with only 8.5% of all neurons showing different responses

(0.0% after BH corrections) (P<0.05, two-sided Welch’s ¢-test with 33.5average
d.f.).ef, Invivoresponsesto VEIs, VEIsg, and VEls,,.;, were averaged across

20 differentimages with single repeat. g, Bipartite invariance indices of V1
neurons were larger than those of simulated simple cells (60 cells, blue) and lower
than those of simulated complex cells (60 cells, red) (P=1.4 x 1038 and 1.1 x 1038,
two-sided Welch’s t-test with 95.5 and 213.8 d.f., respectively). Data were pooled
from six mice, displaying a total of 1,200 neurons for random V1 neurons; closed-
loop neurons comprised 401 neurons pooled from eight mice.

variable subfield compared to the fixed subfield (Fig. 5c and Methods),
whereas simulated simple and complex cells showed no such biaswhen
subjected to the same optimization procedure (Fig. 5c). Consistent
with this pattern, naturalimage patches with higher-frequency content
in the variable subfield tended to elicit stronger responses (64.8%),
while patches with lower-frequency contentin the fixed subfield were
associated with stronger activation (79.1%) (Fig. 5d). These findings led
us to hypothesize that V1 neurons are particularly sensitive to object
boundaries defined by differences in spatial frequency.

To explicitly test this hypothesis, we created a modified CUB
dataset (‘CUB-grating’) in which object and background regions were
replaced with grating stimuli of varying spatial frequencies and ori-
entations while preserving naturalistic boundaries, and presented
crops from this dataset in silico (Fig. 5e). Our analysis revealed strik-
ing differences between simulated cells and V1 neurons. While most
simulated simple (83.3%) and complex (75%) cells preferred single
gratingimages, V1 neurons almost exclusively preferred images with
object boundaries (99.1%) (Fig. 5f). Specifically, V1 neurons showed
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Fig. 5| Bipartite structure aligns with natural object boundaries formed

by spatial frequency differences. a, We screened over 1 million crops from

the Caltech-UCSD Birds-200-2011 (CUB) dataset using our predictive model

to identify the 100 most highly activating (red) and 100 random (blue) crops
for each neuron. For each crop, we computed a matching score by comparing
its segmentation label (object = white, background =black) and the neuron’s
‘bipartite mask’ derived fromits VEIs,,, ., (variable subfield = white, fixed
subfield =black). b, Highly activating natural crops with object boundaries
yielded higher matching scores than random natural crops with object
boundaries (two-sided Wilcoxon signed-rank test, W==82,849, P=6.5x10™),
with 51.4% of all neurons showing greater matching scores for highly activating
crops than random natural crops (46.4% after BH correction) while only 4.9%
showing lower matching scores to highly activating crops (4.1% after BH
correction) (P<0.05, two-sided Welch’s ¢-test with 76.2 average d.f.). One neuron
(0.08%) was excluded from this analysis as it strictly preferred crops without
object boundaries. ¢, Most V1 neurons preferred higher spatial frequency
content in the variable subfield. The median frequency of texture crops
exceeded that of VEIs,,, ., (two-sided Wilcoxon signed-rank test, W=34,381,
P=3.1x107"%?), with 77.0% of neurons showing higher median spatial frequency
inthe variable subfield than the fixed (76.4% after BH correction), and only 4.8%
showing the opposite (4.8% after BH correction) (P < 0.05, two-sided Welch’s
t-test with 33.2 average d.f.). In contrast, simulated simple cells (blue cross)
preferred higher median frequency in the fixed subfield (two-sided Wilcoxon
signed-rank test, W=302, P= 6.4 x10"°) and simulated complex cells (red circle)
preferred higher median frequency in the variable subfield (two-sided Wilcoxon
signed-rank test, W=14, P=3.3 x10™), albeit both with very marginal effect.

d, Model-predicted V1 neuronal responses correlate with spatial frequency
within the variable and fixed subfield. For the majority of neurons (79.08%),
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the fixed subfield’s median frequency negatively correlated with the predicted
response (median —0.14, one-tailed one-sample ¢-test against mean of O,
t=-33.38,P=3.7 x107%°,d.f. =1,089). In contrast, for most neurons (64.75%),
the variable subfield’s median frequency showed a positive correlation (median
0.09, one-tailed one-sample t-test against mean of 0, t=16.23, P=1.6 x 107,
d.f.=1,083). Four neurons were excluded from the fixed subfield analysis due

to excessively small fixed subfield size. e, Parametric ‘CUB-grating’ dataset
constructed from CUB segmentation masks, with object and background
replaced by synthetic gratings. f, Using the CUB-grating dataset, we identified
the most activating crop for each neuron. Simulated simple and complex cells
predominantly preferred single grating images (83.3% and 75%, respectively).

In contrast, V1 neurons exhibited a different pattern of preference (one-way chi-
squared test, x*=8,510, P<107%, and y*=5,538, P< 107 for comparison against
simulated simple and complex cells, respectively). While most simulated simple
(83.3%) and complex (75%) cells preferred single grating images, V1 neurons
almost exclusively preferred images with object boundaries (99.1%). V1 neurons
showed preferences for boundaries defined by differences in spatial frequency
alone (39.2%), orientation alone (21.6%), or acombination of both (38.3%). The
marginal difference in preference was greater for spatial frequency than for
orientation (P<10™, two-sided marginal difference bootstrapping).

g, Top-100 activating crops from ‘high-frequency object’ images yielded higher
mean matching scores than those from ‘low-frequency object’ images (two-
sided Wilcoxon signed-rank test, W=340,648, P=2.0 x10~?). Overall, 66.4%

of neurons showed higher matching scores for ‘high-frequency object’ crops
(same after BH correction), whereas 23.4% showed lower scores (23.3% after
correction) (P<0.05, two-sided Welch'’s t-test, 170.2 average d.f.). a-g, Data were
pooled from six mice, including 1,200 randomly selected neurons. Simulated
simple and complex cellsincluded 60 neurons each.

preferences for boundaries defined by differences in spatial fre-
quency alone (39.2%), orientation alone (21.6%), or a combination
of both (38.3%). Notably, the difference in preference was greater
for spatial frequency than for orientation (Fig. 5f). Highly activat-
ing CUB-grating crops also showed strong alignment between their
segmentation labels and bipartite masks (Fig. 5g), but in this case
the variable and fixed subfields corresponded systematically to

high- and low-frequency regions, respectively, rather than to object
and background per se. These results generalized across different
inclusion criteria used to identify patches containing object bounda-
ries (Supplementary Fig. 10). Thus, our analysis revealed that mouse
Vlneurons preferentially responded to object boundaries defined by
frequency discontinuities, with the variable subfield favoring higher
spatial frequency than the fixed subfield.
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The MICrONS dataset reveals synaptic connectivity reflecting
afunctional invariance hierarchy inV1L2/3

Torelate neuronal response invariances to synaptic-level cortical archi-
tecture, we leveraged the MICrONS functional connectomics dataset,
which combines large-scale functional recordings with dense electron
microscopy reconstructions of synaptic connectivity in mouse V15,
To quantify functional invariances, we employed a dynamic digital
twin model of the MICrONS mouse that uses the foundation model
from Wang et al.” (Methods), which accurately predicted responses
to various stimulus domains including natural movies, static images,
and artificial parametric stimuli.

Before analyzing MICrONS, we validated that VEIs derived from
the dynamic digital twin faithfully captured neuronal invariances. In
three additional mice, werecorded responses to static naturalimages
and to the same natural and parametric movie clips used in MICrONS,
and for each animal trained two CNNs with the same architecture
as in our main experiments: a ‘static’ (S) model fit directly to in vivo
responses to static images, and a ‘dynamic-static’ (DS) model fit to
in silico responses of the animal’s dynamic digital twin to the same
static images (Fig. 6a). Both models accurately predicted held-out
responses (Supplementary Fig. 11a), and MEls, VEIs synthesized from
the DS model were highly similar to those fromthe Smodel (Fig. 6b,e,f
and Supplementary Fig.11e). Diversity and Blls were also strongly cor-
related between models (Pearsonr=0.46 and 0.66, respectively; Fig. 6j
and Supplementary Fig. 11f). When presented back to the animals,
DS-derived MElIs, VEIs, and VEIs,,, ., robustly activated their target
neurons: VEIs reached 80 + 3% of MEI responses in vivo, close to the
predicted 85%, and VEIs,,.,) were as effective as VEIs (Fig. 6¢,d and
Supplementary Figs.12-14). These results validate the use of dynamic
digital twins to synthesize highly activating stimuli and to quantify
neuronal invariances.

For MICrONS, we focused on V1 L2/3 excitatory neurons with
matched electron microscopy reconstructions, high reliability and
accurate digital twin predictions®. Thisyielded 19 presynaptic neurons
and 570 postsynaptic partners, forming 706 synaptically connected
pairs. A well-established principle in the functional connectomics
domain is the like-to-like connectivity rule (excitatory neurons with
similar response properties are more likely to form connections® ).
We re-examined this rule using MEI-and VEI-based similarities, leverag-
ing the synaptic-level resolution of the MICrONS dataset. To control
for anatomical opportunity, we compared synaptically connected
pairs to axonal-dendritic proximity (ADP) control pairs, which share

local axon-dendrite overlap but lack synapses®*. Connected pairs
showed higher MEl and VEI representational similarity than ADP con-
trols (Fig. 6g), indicating that like-to-like connectivity is expressed at
synaptic resolution rather than being simply a byproduct of broader
spatial patterns of neuronal organization. Moreover, the synapse con-
versionrate (the number of synapses per unit axon-dendrite overlap)
increased with MEl and VEI similarity (Fig. 6h,i), consistent with a higher
likelihood of connection among functionally similar neurons*?, These
findings further corroborate the results reported by Ding et al.?*, who
demonstrated that the like-to-like connectivity rule in the feature
domainoperates at the synapticlevel across different types of connec-
tions, both within and across cortical layers and areas.

We next investigated the relationship between neuronal invari-
ance and circuit structure. Hierarchical models of the cortex have
long speculated that complex functional invariance could arise from
the convergence of excitatory presynaptic inputs with simpler invari-
ances, as in Hubel and Wiesel’s account of complex-cell phase invari-
ance arising fromaligned simple cells®***'; however, evidence for this
decades-old model has primarily relied on correlational analyses®,
with direct evidence remaining elusive due to the challenge of simul-
taneously measuring both physiology and wiring of the same neurons.
To test whether synaptic connectivity is associated with systematic
differences in functional invariance, we compared synaptically con-
nected neuron pairs with ADP controls. We found that connected
pairs exhibited greater increases in diversity index than ADP controls
(Fig. 6k), suggesting that the increase in functional invariance occurs
at the synaptic level. Notably, there was no difference between the
mean diversity indices of postsynaptic partners and ADP controls
(Supplementary Fig. 15). Furthermore, we found that the synapse
conversion rate decreased exponentially as the presynaptic neuron’s
diversity index increased (Fig. 61), implying that excitatory neurons
with lower functional invariance are more likely to form intralaminar
connections in V1L2/3. Collectively, these findings provide evidence
for ahierarchical organization among excitatory neuronsin mouse V1
L2/3 that enhances single-neuron functional invariance.

Discussion

Invariant object recognitionis central to visual perception. In the object
manifold disentanglement framework, each object corresponds to a
continuous manifold generated by natural transformations such as
translation, rotation, scaling and lighting changes'. In pixel space these
manifolds overlap, and visual processing progressively separates them

Fig. 6 | MICrONS functional connectomics analysis. a, Schematic of the
MICrONS functional connectomics dataset®, comprising responses of >75,000
neurons to dynamic stimuli and their reconstructed subcellular connectivity
from electron microscopy data. We employed the MICrONS ‘digital twin”,
trained on dynamic stimuli (denoted as a ‘dynamic’ model; recurrent neural
network, RNN) to predict responses to natural images used in our experiments.
A new CNN model was trained on these in silico predictions (‘dynamic-static’
or DS model) and used to synthesize MEls, VEIs and VEIS ,, ;,. b, MEIs and VEIs
optimized using our standard model (‘static’ or S model) and DS model for two
example neurons. ¢, DS-VEIs stimulated neuronsin vivo at 80 + 3% of DS-MEI
activation, close to the in silico prediction of 85% (two-sided Wilcoxon signed-
rank test, W=31,534, P=2.8 x10™*), with only 10.3% of all neurons showing
different responses between VEIs and 85% of MEI (0.25% after BH correction)
(P<0.05, two-sided Welch’s t-test with 32.0 average d.f.). d, DS-VEIS iy
activated target neurons similarly to DS-VEIs (two-sided Wilcoxon signed-rank
test, W=29,878, P=1.4 x107°) with only 9.5% of all neurons showing different
responses (0.0% after BH correction) (P < 0.05, two-sided Welch’s ¢-test with
32.0 average d.f.). e, DS-MEIs were more similar to S-MEIs of the same neuron
than S-MEls of other random neurons (two-sided Wilcoxon signed-rank test,
W=4,537,P=4.0 x107%).f, Similarly, DS-VEIs were more similar to S-VEIs of
the same neuron than S-VEIs of other random neurons (two-sided Wilcoxon
signed-rank test, W=3,969, P=8.8 x10™%°). g, The mean MEl and VEI similarities
of connected pairs (0.06 + 0.02 and 0.04 + 0.02) were higher than those of

the ADP control pairs* (0.03 + 0.01and 0.021+ 0.004; P=0.02and P<107*,
respectively, two-sided bootstrapped mean difference after BH correction).

h,i, Synapse conversionrate (Ny,,/mm Lywhere N, ,, denotes the number of
synapses between two neurons and L, denotes the axon-dendrite co-travel
distance in mm) increased linearly with the MEI (h) and VEI (i) representational
similarity for neuron pairs (P=0.014 and 0.0034, respectively, two-sided

t-test for linear coefficient against O using Poisson generalized linear mixed
model with random intercepts). Neuron pairs were binned by their MEl and VEI
similarity, respectively. Shaded areas represented 95% Cls from bootstrapping.
j, Diversity indices from the DS model highly correlated with those from the S
model (Pearsonr=0.46, P=1.2x107%, two-sided t-test). k, The mean diversity
indexincrease for connected pairs was greater than that for ADP control pairs
(0.16 £ 0.02 and 0.14 + 0.01, respectively; P=0.04, two-sided bootstrapped
mean difference against 0 after BH correction). I, Presynaptic neurons with
lower diversity indices showed higher synapse conversion rate (Spearman’s rank
correlation coefficient p = - 0.49, P=0.03, two-sided ¢-test). This relationship
was well-modeled by an exponential decay (R*=0.58). g k, Box plots show center
line (median); box bounds (25th to 75th percentiles, IQR); whiskers extend to the
most extreme data points within 1.5 x IQR of the quartiles; caps mark whisker
ends; points beyond whiskers are plotted as outliers. c-f,j, Data for in vivo
verification of the DS model were pooled over 399 neurons from three mice.

g-i k1, Data for MICrONS functional connectomics analysis were pooled over 19
presynaptic neurons forming 706 connected pairs and 18,162 ADP controls.
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through hierarchical stages, enabling linear readout of objectidentity
in higher areas. Single neurons in higher visual cortex are thought to
integrate simpler feature detectors fromearlier stages to build invari-
ances to these transformations®*****2%% 3 principle that inspired
convolutional neural network architectures™®.

Despite this conceptual framework, systematic characterization
of single-neuroninvariances has remained difficult. The stimulus space
is vast, neuronal computations are nonlinear, and experimental time
is limited, so most classical examples come either from simple para-
metricstimuliin early areas®*® or from semantically meaningful stimuli
in higher areas’>*. Because both approaches sample only narrow
regions of the stimulus manifold, there is no systematic methodology
for characterizing neuronal invariances across the visual hierarchy.
Recent advances in building digital twins of the brain and using non-
parametric deep learning-based image synthesis have opened new
avenues for finding the preferred stimuli of visual neurons”'%?¢, but

have largely emphasized selectivity rather than explicitly studying
neuronal invariance.

Here we extend this framework to theinvariance problemby syn-
thesizing VEIs for individual neurons in mouse V1L2/3. These stimuli
reveal anew bipartite invariance that goes beyond the classical phase
invariance in complex cells®. In this organization, one RF subfield pre-
fers a fixed spatial pattern, whereas the other prefers random crops
from a texture image. While previous work suggested a bimodal dis-
tribution of phase invariance for simple and complex cells*, bipartite
invariance in mouse V1L2/3 cannot be explained as a continuum of,
or mixture between, these classical models. A null model that para-
metrizes VEIs as weighted sums of two fully overlapping subfields fails
to produce VEIs that are as diverse or strongly activating as bipartite
VEls, indicating that bipartite structure is required. Moreover, shift
invariance resides primarily in the variable subfield, as introducing it
into the fixed subfield reduces responses.
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Additionally, we show that the bipartite structure cannot be
explained by classical center-surround interactions, consistent with
findings from Fu etal.’’, which demonstrated that MEIs correspond well
to classical RF measurements, while extra-classical surround modula-
tionextends far beyond the MEL. In particular, we observed no consist-
entspatial relationship between the minimum response field (MRF) and
eitherthe fixed or variable subfields, further ruling out center-surround
mechanisms as an explanation for bipartite invariance.

The concept ofinvariance in neuronal responses canbe definedin
various ways, each with its own merits and implications. In our study,
we defineinvariance asinput transformations that preserve response
magnitude (a definition particularly relevant for early visual areas such
as V1, where information is represented across dense populations of
broadly responsive neurons)***°; however, to generalize our procedure
to higher visual areas, an alternative definition of invariance may be
necessary. For instance, in primate inferotemporal cortex (IT), it has
beenwidely reported that while neurons do not preserve their response
magnitude to the same objects of different sizes or placed in different
positions, they typically maintain their rank-order object preference
within their RFs**,

While we have focused primarily on shift invariance, it is unlikely
to be the only type of invariance existing in mouse vision. As an ini-
tial effort to parameterize new empirical invariances, it is also worth
acknowledging that our partial-texture model proposes a simple
hypothesis of a binary division of the presence and absence of shift
invariance in the RF without considering more complicated scenarios
suchasnonlinear cross-subfieldinteractions. We also acknowledge that
parameterizing complexinvariances (for example, 3D pose) for higher
visual areas remains challenging. Future studies using photorealistic
rendering engines with explicitly defined latent variables and image
transformations will allow for amore generalized parameterization of
invariancesinawell-defined latent space, including 3D pose and other
complex transformations. Nonetheless, we believe the new bipartite
invariance can be of great use as a computational principle for future
designs of biologically plausible or brain-inspired computer vision
systems* and serve as an empirical test for theoretically driven***
or data-driven models'***’ that aim to explain and predict neuronal
responses in the visual system.

The two RF subfields of the bipartite structure exhibit distinct char-
acteristics, differing in both level of invariance and preferred spatial
frequency. This property closely parallels ‘high-low-frequency detec-
tors’observedinartificial neural networks, which detect low-frequency
patterns on one side of their RF and high-frequency patterns on the
other*®, suggesting that bipartite invariance with frequency bias may
be a common feature shared between biological and artificial visual
systems for boundary detection. Classical simple and complex cells
are strongly activated by luminance-defined edges®***°, whereas
V1 bipartite neurons are biased toward boundaries constructed by
second-order cues such as spatial frequency variation.

Our findings further complement behavioral studies showing that
mice are able to use texture-based cues for segmentation®**!, While
previous research emphasized boundaries constructed by orientation
orphase differences™, our results indicate that spatial frequency vari-
ation could provide anadditional visual cue for boundary detectionin
mouse vision. Notably, humans also use spatial frequency as a cue for
object-background assignment, often perceiving higher-frequency
regions as objects®’. This preference mirrors that of V1 neurons, sug-
gesting potential common strategies for object-background segmenta-
tion between mice and primates.

The brain’s ability to generalize has long been hypothesized
torely on a cortical hierarchy where neurons tuned to simpler fea-
tures combine to build complex functional invariance'?03433:336,
This concept originates from Hubel and Wiesel's model of complex
cells achieving phase invariance by integrating inputs from simple
cells®; however, empirical validation has been challenging due to the

difficulty of simultaneously measuring physiology and wiring at the
single-celllevel* and accurately modeling and quantifying functional
invariance***, Our study overcomes these challenges by utilizing the
MICrONS dataset, the largest functionally imaged electron microscopy
dataset to date®, and a digital twin model from astate-of-the-art founda-
tion model for mouse visual cortex’. We uncovered two key findings
supporting hierarchical organization within V1L2/3:

1. Postsynaptic neurons exhibit higher level of functional invari-
ance than their presynaptic counterparts.

2. Lower invariance presynaptic neurons form exponentially more
synapses per unit of axon-dendrite co-traveling distance.

These findings provide the first evidence of afunctional invariance
hierarchy at the individual neuron level within the same cortical area
and layer, mediated by horizontal connections. This complements
models such as HMAX?*****, which focused on hierarchies between
cortical areas, reveals previously unrecognized computational flex-
ibility, and aligns with studies demonstrating the importance of lateral
connections for invariant object representation®™*,

As connectomics proofreading of the MICrONS volume
progresses®*’, access to more completely reconstructed connectiv-
ity willenable finer-grained tests of how multiple presynaptic partners
jointly shapebipartite properties of postsynaptic neurons. We also aim
to extend our analysis to higher cortical areas to explore functional
invariance across the visual processing hierarchy. Future studies using
more sophisticated models or direct in vivo measurements could
further validate and refine these findings, potentially uncovering
additionalinsights into cortical processing organization. Moreover, it
would be important to compare how our findings generalize to other
species, such as nonhuman primates, where there are some similarities
butalsoimportant differences in the functional organization of V1.

Overall, our work represents animportantadvance inunderstand-
ing cortical processing and neuronal tuning by combining large-scale
neuronal recordings withadvanced deep neural network techniques to
systematically characterize single-neuroninvariances. The discovery
of bipartiteinvariance in mouse V1 challenges long-held assumptions
about RF homogeneity and offers new insights into natural image
segmentation. By leveraging the MICrONS dataset, we also provide
the first empirical evidence for a functional invariance hierarchy
within V1L2/3, validating and extending theoretical models of corti-
cal organization. The flexibility of our paradigm opens up possibilities
for exploring neuronal invariances across various cortical regions,
sensory modalities and species, promising to illuminate the complex
nature of neuronal coding more broadly, and potentially informing the
development of more sophisticated, biologically plausible artificial
intelligence systems.

Online content

Any methods, additional references, Nature Portfolio reporting sum-
maries, source data, extended data, supplementary information,
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Methods

Neurophysiological experiments

Two-photon calcium imaging. The following procedures were
approved by the Institutional Animal Care and Use Committee of Bay-
lor College of Medicine. Animals were housed in acontrolled environ-
ment (20-22°C, 30-70% humidity) on a 12-h light-dark cycle, and all
experiments were conducted during the subjective night. A total of
17 mice (Mus musculus: 9 male, 8 female) aged 6-17 weeks, expressing
GCaMPé6s in excitatory neurons via Slc17a7-Cre and Ail62 transgenic
lines (stock nos. 023527 and 031562, respectively; The Jackson Labo-
ratory) were selected for experiments. The mice were anesthetized
and a 4-mm craniotomy was made over the visual cortex of the right
hemisphere as described previously?*%, For functional imaging, mice
were head-mounted above a cylindrical treadmill and calciumimaging
was performed using aChameleon Ti-Sapphire laser (Coherent) tuned
t0920 nmand a large field-of-view mesoscope equipped with a custom
objective (0.6 numerical aperture, 21-mm focal length)*’. Laser power
at the cortical surface was kept between 13.18 mW and 21.96 mW and
maximum laser output of 61 mW was used at 245 pm from the surface.

We also recorded the rostro-caudal treadmill movement as well
as the pupil dilation and movement. The treadmill movement was
measured via a rotary optical encoder with a resolution of 8,000
pulses per revolution and was recorded at approximately 100 Hz to
extract locomotion velocity. Light diffusing from the laser during
scanning through the pupil was used to capture pupil diameter and
eye movements. The images of the left eye were reflected through
a hot mirror and captured with a Gigk CMOS camera (Genie Nano
C1920M; Teledyne Dalsa) at 20 fps with aresolution of 246-384 pixels
x 299-488 pixels. A DeepLabCut model®® was trained on 17 manually
labeled samples from11animals to label each frame of the compressed
eye video with eight eyelid points and eight pupil points at cardinal
and intercardinal positions. Pupil points with high likelihood were
fitted with the smallest enclosing circle, and the radius and center of
this circle were extracted.

We delineated visual areas by manually annotating the retinotopic
map generated by pixel-wise response to a drifting bar stimulus across
a4,000 x 3,600 um? region of interest (ROI) (0.2 px pm™) at 200 pm
depth from the cortical surface. The imaging site in V1 was chosen to
minimize blood vessel occlusion and maximize stability. Imaging was
performed using a remote objective to sequentially collect ten 630
x 630 nm? fields per frame at 0.4 px pm™ xy resolution at approxi-
mately 8 Hzfor all scans. We allowed only 5-um spacing across depths
toachieve dense imaging coverage of a 630 x 630 x 45 pm?® xyzvolume.
The most superficial plane positioned in L2/3 was around 200 pm from
the surface of the cortex. Thanks to our dense sampling, cells in the
imaged volume were heavily over-sampled, often appearingin at least
two or more imaging planes. This allowed matching across days with
2.5+2.6 um vertical distance between masks (see details below). We
performed raster and motion correction on theimaging dataand then
deployed the CNMF algorithm® implemented by the CalmAn pipeline®
tosegment and deconvolve the raw fluorescence traces. Additionally,
cells were selected by a classifier® trained to detect somata based on
the segmented cell masks and resulted in 7,049-8,238 soma masks
per scan. The full two-photonimaging processing pipeline is available
at (https://github.com/cajal/pipeline).

We did notemploy any statistical methods to predetermine sample
sizes but our sample sizes are similar to those reported in previous
publications. Data collection and analysis were not performed blind
to the conditions of the experiments but no animal or collected data
point was excluded for any analysis performed unless explicitly stated.

Electrophysiological recording. Six mice (M. musculus; two male
and four female) aged 14-27 weeks were selected for experiments,
with two females expressing GCaMPé6s in excitatory neurons via
Slc17a7-Cre and Ail62 transgenic lines (stock nos. 023527 and 031562,

respectively; The Jackson Laboratory) and the rest being C57BL/6)
wild-type (stock no. 000664; The Jackson Laboratory). We performed
acute recordings using Neuropixels probes 1.0 in awake, head-fixed
mice as described previously®*. In brief, animals were implanted
with a headpost and habituated to the experimental setup (head
fixation on a treadmill) after recovery. On the recording day, the
animals were briefly anesthetized with isoflurane and a 1I-mm crani-
otomy was made above visual cortex (approximately 2.9 mm lateral
to the midline sagittal suture and anterior to the lambda suture)®.
The animals were then transferred to the experimental setup and
allowed to recover from anesthesia. Location of probe insertion was
chosen according to stereotaxic coordinates for targeting V1 using
Pinpoint®, with all penetrations ranging from 600 pum to 1,100 pmon
the anteroposterior axis, 2,900 pumto 3,500 pm on the mediolateral
axis, and at an angle of 55° or 60" with respect to the ventrodorsal
axis. One probe was smoothly lowered through the craniotomy to
the final depth according to the trajectory planning with Pinpoint®
to cover the whole cortex (covering 1,800-2,000 um of the probe)
and allowed to settle for approximately 20 min before any recording.
Visual area segmentation was performed by mapping the reversals
of the retinotopy based on the RF progression along the probe as
described previously®*. Neuronal activity recordings were made with
custom-written software in LabView and then automatically spike
sorted with the Kilosort3 spike-sorting software®. An external infra-
red light was used as the light source for capturing pupil diameter and
eye movements. A DeepLabCut model®® was trained on 13 manually
labeled samples from 4 animals to label each frame of the compressed
eye video with eight eyelid points and eight pupil points at cardinal
andintercardinal positions. Pupil location and radius were extracted
following theidentical procedure described in “Two-photon calcium
imaging’. From atotal of nine recording sessions, 3,283 neurons were
detected by the spike-sorting algorithm (136-547 per session), with
364 neurons fromV1L2/3 (12-95 per session). All V1L2/3 neurons were
compiled together for predictive model training, and then neurons
classified as ‘single units’ or ‘multi-unit activity’ were used separately
for downstream analysis. We evaluated the level of unit contamina-
tion using ISl violations, following the approach introduced by Hill
etal.”. Thismetricrepresents the relative firing rate of hypothetical
contaminating sources that produce these violations, with higher ISI
violations indicating greater level of contamination.

Visual stimuli presentation. Visual stimuli were presented 15 cm
away from the left eye with a 25’ LCD monitor (31.8 x 56.5 cm, ASUS
PB258Q) ataresolution 1,080 x 1,920 pixels and refresh rate of 60 Hz.
We positioned the monitor so that it was centered on and perpendicu-
lar to the surface of the eye at the closest point, corresponding to a
visual angle of 2.2° per cm on the monitor. To estimate the luminance
level of the stimuli presented on the monitor, we taped a photodiode
at the top left corner of the monitor and recorded its voltage during
stimulus presentation, which is approximated linearly correlated
with the monitor luminance. The conversion between photodiode
voltage and luminance was estimated from luminance measurements
from a luminance meter (LS-100 Konica Minolta) for 16 equidistant
pixel values ranging from O to 255 while simultaneously recording the
photodiode voltage. Astherelationship between photodiode voltage
and luminanceis usually stable, we only perform such measurements
every few months. Inthe beginning of every experimental session, we
computed the gamma between pixel intensity and photodiode volt-
age by measuring photodiode voltage at 52 equidistant pixel values
ranging from 0 to 255; then we further interpolated the corresponding
luminance at each pixel intensity. For closed-loop experiments, the
pixel-luminanceinterpolation computed on day 1 was used throughout
theloop. All stimuliused in the current study were presented at gamma
value ranging from 1.59 to 1.77 and monitor luminance ranging from
0.07+0.16 cdm2t09.58+0.65cd m™
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Presentation of natural stimuli. To fit neurons’ responses, 5,100
natural images from ImageNet (ILSVRC2012) were cropped to fit a
16:9 monitor aspect ratio and converted to grayscale. To collect data
for training a predictive model of the brain, we showed 5,000 unique
images as well as 100 additional images repeated ten times each. This
set of 100 images were shownin every scan for evaluating cell response
reliability within and between scans. Eachimage was presented on the
monitor for 500 ms followed by a blank screen lasting between 300
and 500 ms, sampled uniformly. Identical natural stimuli were used
for two-photon imaging and electrophysiological experiments. To
maintain the animal’s alertness throughout each scan, we interspersed
anadditional set of six brief video clips at regular intervals.

Neuronal data processing and predictive modeling
Preprocessing of neuronal responses and behavioral data. Neu-
ronal responses were deconvolved using constrained nonnegative
calciumdeconvolutionand thenaccumulated between 50 and 550 ms
after stimulus onset of each trial using a Hamming window®. All the
segmented neuronal masks from each individual scan were used for
model training, including duplicates resulting from dense imaging.
The corresponding pupil movement and treadmill velocity for each trial
were also extracted and integrated using the same Hamming window.
Each dataset consists of 4,500 and 500 unique images for training and
validation, respectively; an additional set of 100 images presented
with ten repeats was used for model evaluation. The original stimuli
presented to the animals were isotropically downsampled to 64 x 36
pixels for model training. For day-1model training scans, inputimages,
neuronal responses and behavioral traces were normalized (z-scored
forinputimages and divided by standard deviationfor the rest) across
the training set during model training and evaluation. Trials with invalid
behavioral data (0.8 + 1.2%) were excluded from model training. For
closed-loop verification scans, neuronal responses and behavioral
traces were normalized across all trials.

Predictive model architecture and model training. We followed the
same network architecture and training procedure as described
previously”. Each model comprises: a shared nonlinear core (157,920
parameters), neuron-specific linear readouts at six different spatial
scales (579 parameters per neuron), abehavioral modulator (150 shared
parameters across all neurons and 84, 007 parameters per neuron), and
apupil position shifter network shared across all neurons (57 parame-
ters). Thecommon coreis athree-layer CNN with full skip connections.
Eachlayer contains a convolutional layer with no bias, followed by batch
normalization, and an exponential linear unit (ELU) nonlinearity. The
readout models the neuronal response as an affine function of the core
outputs followed by ELU nonlinearity and an offset of 1 to guarantee
positiveness. Additionally, we model the location of aneuron’s RF with
aspatial transformer layer reading fromasingle grid point that extracts
the feature vector from the same location at different scales of the
downsampled feature outputs. The modulator computes againfactor
foreachneuronthatsimply scales the output of the readout layer using
atwo-layer fully connected multilayer perceptron (MLP) with rectified
linear unit nonlinearity and ashifted exponential nonlinearity to ensure
positive outputs. Finally, because training mice to fixate their gaze is
impractical, we estimated the trial-by-trial RF displacement shared
across all neurons using a shifter network composed of a three-layer
MLP withatanh nonlinearity. For allmodel training, we adhered to the
methodology outlined in Walker et al.’, training four instances of the
same network with different initializations by minimizing the Poisson
loss iz;’;l (7@ — r9log #?) where m denotes the number of neurons,
#the predicted neuronal response and rthe observed response.

Evaluation of model performance and neuronal reliability. Predic-
tions from all four models are averaged for model benchmarking and
image generation. We computed the model performance CC,,, for each

neuron on the same held-out data as the correlation between the
model-predicted response x and the recorded responses y averaged
across ten repetitions:

Cov(X,y)

CCaps = .
7/ Var(x)Var(y)

@®

To assess reliability of neuronal responses, we computed CC,,,, /> as

CCppy = NVar(y) — Var(y)’ @
\J (N=DVar(y)

whereyistheinvivoresponsesand Nisthe number of trials. This met-
ric captures the consistency of neuronal responses to identical visual
stimuli in held-out data, serving as an upper bound for our model’s
potential performance. We then estimated the normalized correlation
coefficient (CC,,,,,)"*as the fraction of variationin neuronal responses
toidentical stimuliaccounted for by the model prediction:

Ccabs

. 3
CCI’T‘IaX

CChorm =

Nonparametric synthesis of optimal stimuli and controls
Neuron sselection. Thissectiondescribes neuronselection for stimulus
synthesis for 14 of 17 mice used for all experiments except for DS model
validation. We first excluded neuronal masks within 10 pm from the
edge of the imaging volume, and then ranked the remaining masks
based on descending model predictive accuracy. To avoid duplicated
neurons, we started from the lowest-ranked neuron and iteratively
added neurons such that they are at least 25 um apart and have func-
tional correlation <0.4 with all neurons selected. This filtering left us
with2,081-2,676 unique neurons for each scan. Werestricted all analy-
ses to neurons that exhibit reasonable levels of response reliability as
well as model predictive accuracy. We evaluated neuronal reliability
using ‘oracle score’”” (ametric highly correlated with CC,,,,,'*, Pearsonr
=0.9)for each neuron by correlatingits leave-one-out mean response
with that of the remaining trial across 100 images in the held-out test
set. For synthetic stimulus generation, we applied hard thresholds on
oracle scoreand model test correlation toinclude 19.9% of the popula-
tion for mouseland 79.0 + 0.5% of the population for mice 2-14.

Generation of MEL. For each individual neuron, we adapted the acti-
vation maximization procedure described by Walker et al.” to find
the stimulus that optimally drive each individual neuron. Starting
with Gaussian white noise, we iteratively refined the image by adding
the gradient of the target neuron’s predicted response using an SGD
optimizer with learning rate of 1.0 for 1,000 iterations. To mitigate
high-frequency artifacts in image synthesis, we applied a Gaussian
filter (6=1.0) to smoothen the gradient at every optimization step. To
determine the appropriate RMS contrast value for our synthetic stimuli,
we conducted a pilot analysisin which we aggregated MEI masks from
thousands of neurons into an average mask and measured mean con-
trast within this average mask across all the training set naturalimages
presented. To prevent saturation and ensure that the synthetic stimuli
remain within the well-trained contrast domain of the natural images
used during model training, we standardized the image to a fixed
mean of 0 and RMS contrast of 0.25 (the value obtained from the pilot
analysis) following each gradient ascent step.

We computed aweighted mask for each MEI to capture the region
containing the majority of the variance in the MEl image. We com-
puted a pixel-wise z-score on the MEI and thresholded at z-score >1.5
toidentify the highly contributing pixels. Then we closed small holes/
gaps using binary closing, searched for the largest connected region
tocreate abinary mask Mwhere M=1if the pixelisin thelargestregion
identified. Then, a convex hull was calculated using the identified
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pixels. Last, to avoid edge artifacts, we smoothed out the mask using
a Gaussian filter with 0=1.5to avoid potential edge effects.

Generation of VEIs. We modified procedures described previously'
to optimize VEIs. For each individual neuron, we synthesized a set of
images initiating from MEI that preserve high activation while differing
asmuchas possible from each other. To optimize this set, we initiated
from 20 instances of the target neuron’s MEI with different additive
Gaussian white noises MEI + 0,=/;where 1< i <20 and iteratively mini-
mize theloss:

1< r;
L==>Y ma (c——',O)—/lmindI-,l-, 4
n; X pow il (1, 15) 4)

where r;and ry;; are the model-predicted response to VEI,and MEI, cis
the minimum activation relative to ry that we target each VEIs for, d(/,
I) is the Euclidean distance in pixel space between VEI; and VEI, meas-
ured withinthe MEI mask (the neuron’s RF). The first term encourages
all VEIs to achieve high activation, while the second term maximizes
the minimum pairwise distance among VElIs. Specifically, we required
each VEIto evoke at least 85% of their corresponding MEI (c=0.85). This
threshold was selected based on the previous finding that additional
decrease in target response leads to marginal gain in minimum pair-
wise distance among VEIs for simulated complex cells’. Of note, the
minimum, instead of average distance, was used in the second term to
avoid solutions that form the set of VEIs into clusters by pushing apart
the most similar pair of VEIs at every iteration. We employed the same
gradient blurring and post-gradient image standardization as in MEI
optimization. We optimized the VEIsetfor 3,000 iterations withalearn-
ingrate of 1,000 for thefirst 2,000 iterations and decayed to 100 for the
last1,000iterations. This learning rate decay helped to further mitigate
the occurrence of high-frequency artifacts. We performed the optimi-
zation for every target neuron with a series of diversity regularization
hyper-parameter A, densely sampled from1x10™*to 5 x 1072 For each
neuron, the set optimized using the largest A that preserved minimal
response greater than 85% of the MEI response was selected as the VEIs
and used for downstream analyses and experiments.

Diversity index. To quantify the diversity level of each set of VEIs we
derived a diversity index based on the average pairwise Euclidean
distance of the VEIs. To position this metric ona meaningful spectrum
with interpretable reference points, we estimated diversity levels of
idealized simple and complex cells (see details in ‘Simulation of sim-
ple and complex cells’). Particularly, we estimated the lower/upper
bounds (dioy.r and d,,pe) as the median average pairwise Euclidean
distance of VEIs from a population of noiseless simple/complex cells,
respectively. We performed an exhaustive search through the Gabor
parameter space toidentify their VEIs. When standardized with a fixed
mean and RMS contrast, VEIs fromidealized simple cells have the same
average pairwise Euclidean distance regardless of the underlying Gabor
parameters. Similarly, idealized complex cells with different Gabor
parameters have identical yet higher average pairwise Euclidean dis-
tance. Foreachrealneuron, adiversity index (D) is calculated for each
mouse V1 neuron i based on the average pairwise Euclidean distance
ofits VEIs d? as

d(i) - dlower

dupper - dlower

DO = (5)

Naturalimage and synthesized controls for the invariance manifold.
To evaluate the specificity of the invariance manifold represented by
the VEIs, we designed two types of control stimuli: naturalimage con-
trols and synthesized controls. Both controls were strictly closer to the
MEI than all the VEIs, as quantified by the corresponding metric used
in VEI generation. For each neuron, we first computed the minimum

distance from the VEIs to the MEI within the MEI mask, denoted as
d.areer Which served as the distance budget for control image selection
or synthesis. For natural image controls, we searched through more
than 40 million of natural image patches to identify those with dis-
tances from the MEIbetween 80% and 100% of d,,.... The synthesized
controls were generated using amodified version of our VEI synthesis
objective (equation (4)), where the first term aimed to match the dis-
tance from controlimages to the MEI to d,, ... rather than encouraging
high activation:

n
L= % (darges — s MED) = Amind (1. ). )
2, ,

L

Forbothcontroltypes, we created 20 differentimages per neuronand
presented each once in vivo during closed-loop experiments.

Selection of natural VEIs. For each neuron, we searched through 41
millionImageNet image patches insilico toidentify natural crops that
elicited activations equal to or greater than 85% of the MEI response
(VEI-like activation). To mitigate the effect of contrast difference at
the edges of masked natural crops and MEls, we refined MEI masks
by shrinking them until the activation of masked MEI dropped below
95% of the original MEI activation, following the approach of Walker
etal.’”. Each crop was then masked using the refined MEI mask, and its
mean and RMS contrast were adjusted to match those of the MEI. For
neurons with atleast 20 highly activating crops, we selected 20 natural
VEIs (matching the number of synthesized VEIs per neuron) by greedily
maximizing their minimum pairwise distance, mirroring the VEI syn-
thesis procedure. These selected images are denoted as ‘natural VEISs’.

Generalization of VEIs. To test the generalizability of our VEI synthesis
methodology, we modified key components of the synthesis pipeline
and compared the resultant VEIs:

1. Image initialization: VEIs were initiated with full-field random
white noise instead of a combination of the MEIs and random
white noises.

2. Modelinitialization: The in silico model ensemble was trained
from scratch using a different random initialization seed.

3. Individual model synthesis: VEIs were generated using the
response of a single model from the ensemble rather than the
average response of four models.

4. Diversity metric: VEIs were synthesized with diversity meas-
ured in neuronal representational space instead of pixel
space, as detailed in ‘Generation of VEIs in neuronal represen-
tational space’.

5. Synthesis methodology: VEIs were generated using an alterna-
tive approach described in ‘Generation of VEIs with implicit
neural representation model and contrastive regularization’.

6. Model architecture: VEIs were produced using the distinct
model architecture outlined in Willeke et al.™.

We computed representational similarity (as detailed in ‘Repre-
sentational similarity’) and average pairwise Euclidean distance of
VEIs generated from various conditions to assess the robustness of
VEl generation.

Generation of VEIs in neuronal representational space. We utilized
the same loss function as in equation (4) but quantified pairwise VEI
diversity d(VEI, VEI) as the negative Pearson correlation between
model-predicted neuronal population response vectors r;and r; to
VEl;and VEI;:

20— ) — 1)

d(VEli,VEIj) =— ,
\/Z(fi -y 2(r; —Ilj)z
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where y;, p; represent the mean neuronal population responses. To
compute these population responses, we aligned all neurons’ RF
centers with that of the target neuron for which the VEIs were being
optimized. We refer to the VEIs generated through this method as
‘neuronal-space VEIs'.

Generation of VEIs from an implicit neural representation model
with contrastive regularization. Following the approach detailed in
Baronietal.”, we used animplicit neural representation model (INRM)
tomap fromalow-dimensional periodic latent space (one-dimensional
(1D) or two-dimensional (2D)) to amanifold inimage space represent-
ing the invariant transformations of a given neuron. The INRM we
used was a fully connected feed-forward neural network mapping
from pixel coordinates and latent inputs to pixel values. Our model
consists of four layers of 50 hidden nodes, followed by a hyperbolic
tangent nonlinearity and a sigmoid function as final nonlinearity. We
used positional encoding onboth the latent space and the coordinate
space. Each latentinput could be mapped to one image and changing
the latent input corresponded to moving along one invariant dimen-
sion of the neuron. Theimages were standardized to afixed mean and
RMS contrast and clipped between values corresponding to the black
and white pixels on the monitor before being passed to the digital twin
togetthe predicted response.

Duringtraining of an INRM, ajittering grid of uniformly distanced
points was sampled from the latent space and mapped into a set of
images. The training objective was composed of one activation term
that maximizes the activation of the generated images and one contras-
tive term thatencourages diversity across images and ensures smooth
transitions in image space when navigating the latent space. Specifi-
cally, the contrastive regularization term achieved this by encouraging
images corresponding to nearby points in latent space to have high
cosine similarity and those corresponding to distant points in latent
space to have low cosine similarity. The contrastive regularization
temperature” was set to 0.3. The latent space grid size was 20 points
in 1D and seven points in 2D per dimension. The neighboring radius,
which determined close-by pointsin the latent space, was set to 10% of
thegridin1D and 20% of the grid inthe 2D. We used an Adam optimizer
with learning rate of 0.001to optimize the INRM weights. After amini-
mum of 500 weight updates, the regularization strength was decreased
by a factor of 0.8 every time the activity stopped increasing (initial
strength of 2.0, one check every 50 steps with patience of 5). Training
was stopped whentheresultantimages achieved an average response
larger than 85% of the MEI response and a minimum response larger
than 75% of the MEl response. To avoid image artifacts, gradients were
Gaussian blurred (6=1.0) and contrastive regularization was applied
only on pixels within the MEI mask.

This method learns a continuous manifold of stimuli. In the 1D
case, we sampled 20 VEIs corresponding to uniformly distant points
in latent space. In the 2D case, as different latent dimensions could
learn transformations associated with different image diversity, we
obtained 20 VEIs by starting fromaninitial set ofimages corresponding
torandomly sampled pointsinlatent space and then optimizing them
to maximize the minimum pairwise distance.

Bipartite parameterization of VEIs

Bipartite model. We proposed a texture generative model to pro-
duce texture-based VEIs composed of two complementary subfields
asfollows:

VEIs = my T + m¢MEI, (8)

where thefirst termis the variable subfield randomly cropped from an
optimized texture canvas Tusingamask m,. Thesecond termis afixed
subfield masked directly from the original MEI. This model could be
reducedto afull-texture model to describe global shiftinvariance if the

entire RF (the MEI mask my,;) was used as m,. We generated the texture
Tfollowing Cadena et al.' by maximizing the average activation of ran-
domly sampled crops from Tusing m,. We followed the same loss asin
nonparametric VEIs generation (equation (4)) to jointly maximize the
activationand diversity of VEIs with the same regularizations (Gaussian
blurring on the gradient and learning rate decay) butin this case, VEIs
were parameterized asinequation (8). The same post-gradient image
standardization was applied on these parametric VEIs.

Toensure that m,captures the region of the original nonparamet-
ric VEIs fromwhich we observed the most diversity, we pre-computed a
series of m,s by varying the threshold on the pixel-wise variance across
the VEIs. Specifically, starting from the pixels with the largest variance
across VEIs, we kept expanding the m, by requesting increasing fraction
of the total variance from 0.2 to 0.6 within the variable subfield. The
complement to m, within my, was used as the fixed subfield mask (m,).
Ingeneral, the average predicted activation of the texture-based VEIs
decreased asthe size of m,increased. For each set of texture-based VEIs
resultant from each pair of subfield masks, we computed the harmonic
mean between normalized activation and diversity index as follows:

H =2 s ©)

r+dygs

where 7 is the average activation and dyg is the average pairwise Euclid-
ean distance, normalized by the maximal corresponding value across
alldifferent sets of VEIs using the series of M,s, respectively. We denoted
the set of texture-based VEIs with the maximum harmonic mean as
‘partial-texture VEIS’ (VEIS ;). The set of texture-based VEIs resultant
from the full-texture model were denoted as ‘full-texture VEIs” (VEIsg,,).

Bipartite invariance index. The bipartite invariance index (BII) was
devised to summarize the extent of partial shift invariance exhibited
by aneuron. Using the series of subfield masks and their corresponding
texture-based VEIs as described above, we fitted aquadratic-smoothing
spline tomodel the relationship between the insilico neuronal activa-
tion and the variable subfield size. To capture the full range of this
relationship, we uniformly sampled the variable subfield size between
0 and 1and evaluated the predicted response at each point using the
fitted spline. Finally, we calculated the area under the curve (AUC) of
these predicted responses across the range of subfield sizes. This AUC
value serves as our BII, encapsulating the neuron’s response profile
across various subfield sizes and thus providing a comprehensive
measure of its degree of partial shift invariance.

Preferred spatial frequency of bipartite RF subfields. Due to chal-
lenges of direct frequency analysis on smallimage windows (subfield
masks), we employed an indirect comparative approach using two
sets of images: (1) the full-field VEIs,., and (2) modified versions of
the full-field VEIs,,,.,, where the content within the fixed subfield was
substituted by random crops. These crops were drawn from the same
texture optimized for variable subfield but masked using the fixed sub-
field mask, and standardized to have the same mean and RMS contrast
astheoriginal fixed subfield content. Both sets ofimages maintain the
identical bipartite structure, differing only in the spatial content within
the fixed subfield mask, thus providing an indirect but equitable way
to compare frequency preferences of content from the two subfields.
For each set of images, we first computed the radial power spectrum
using ten equally spaced bins;the resulting power spectra were then
averaged to obtain the mean radial power spectrum, from which the
median frequency was estimated using linear interpolation.

Necessity and specificity of two subfields in the bipartite RF. We
masked out or swapped the content of either subfield to evaluate its
necessity and specificity in eliciting higher neuronal responses, respec-
tively. When masking out a subfield, we prioritized maintaining the
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pixelintegrity of the remaining content by applying a binary mask and
restricting smoothing to regions outside the complementary subfield.
This approach left portions of the complementary subfield visible in
the stimulus, likely leading to an underestimation of the masked-out
subfield’s necessity. For the specificity assessment, we either replaced
the fixed subfields with different random natural image crops or the
variable subfields by random crops masked from different random
neurons’ optimized textures.

Controls for bipartite RF structure

Control parameterization: ‘two-variable-subfield VEIs’. To inves-
tigate whether the fixed subfield exhibits shift invariance and if VEIs
can be better explained by a more complex model, we modified the
bipartite model such that both subfields are treated as shift-invariant,
described by:

VEIs = my T, + (mpe; — my)T5, (10)

Here, the first term mirrors the bipartite parameterization, while the
second termrepresents a second variable subfield, randomly cropped
from a second optimized texture canvas T,. We followed the same
procedure as in ‘Bipartite model’ to sample a series of m, and opti-
mized T, foreachm,. Then we used the complementary subfield mask
within the MEI mask my,;, — m,to optimize for a second texture canvas
T,. We then combined crops masked from each subfield’s preferred
texture to get sets of texture-based VEIs and selected the set with the
highest harmonic mean of diversity and in silico activation as the
‘two-variable-subfield VEIs'.

Control parameterization: ‘no-spatial-division VEIs'. To assess the
necessity of spatial division between the two subfields in the bipartite
model, we developed an alternative parameterization that represents
VEIs as aweighted summation of two fully overlapping subfields span-
ningthe entire RF (estimated as the MEI mask m,): a fixed component
directly from the MEI and a variable component cropped from a syn-
thesized full-field texture. This model was implemented as

VEIs = (1 — ¢)myg T + cMEL, (11)

where the hyper-parameter cregulates the ratio between the variable
and fixed subfield contribution. We uniformly sampled c between
0 and 1, where O signifies an ideal complex cell and 1 an ideal simple
cell. For each ¢, we optimized the texture T following the same pro-
cedure as described in ‘Bipartite model’. We then combined the two
overlapping subfields to get sets of texture-based VEIs and selected
the set with the highest harmonic mean of diversity andinsilico activa-
tion as ‘no-spatial-division VEIs’. We also fit the in silico activationas a
quadratic-smoothing spline of the average pairwise Euclidean distance
for each neuron (diversity). The spline fit was utilized to interpolate
the diversity of these texture-based VEIs when their mean in silico
activation was matched to that of the nonparametric VEIs. Similarly,
we interpolated the mean in silico activation of these texture-based
VEIs when their diversity was matched to that of the nonparametric
VEIs. The same fitting and interpolation was also carried out for the
bipartite model, allowing a direct comparison of how well these two
parameterizations captured the diversity and in silico activation of
the nonparametric VEIs.

Replication of bipartite structure using electrophysiological data.
For Neuropixels electrophysiological data, we employed two strategies:
training models fromscratch, orinitializing with a core pretrained on
two-photon imaging data and subsequently training the remaining
components (including neuron-specific readouts, shifter and modula-
tor components) using Neuropixels data. The latter approach, particu-
larly beneficial due to the limited number of neurons available from

each Neuropixels recording session,improved the median normalized
correlation coefficient (CC,,,,) from 0.64 to 0.73. We then generated
MElIs, VEIs, texture-based VEIs following the same protocol as applied
on the two-photon imaging models. For comparison of diversity and
Blls between neurons from imaging and electrophysiological data,
we applied identical functional thresholding (oracle score > 0.22 and
model test correlation > 0.42, respectively, calculated as the median
threshold from14 mice used for two-photon closed-loop experiments)
on both neuron populations to ensure fair comparison.

Comparison of bipartite RF structure and the minimum response
field. To investigate the relationship between classical RFs estimated
with the minimum response field (MRF)* and the bipartite RF struc-
ture, we presented sparse noise stimuli®® before and after the natural
image stimuli (detailed in ‘Presentation of natural stimuli’) in the same
two-photonimaging scan. The stimuli comprised circular bright (pixel
value =255) and dark (pixel value = 0) dots, each spanning 7° in visual
angle, presented against agray background (pixel value =128) ona9x9
grid covering 40% of the monitor’s central area. Each dot was displayed
for250 ms perlocation with16 repetitions (eight before and eight after
the natural stimuli). For both bright and dark dots, we aggregated
neuronal responses from 50 to 300 ms post-stimulus onset for each
trial, creating separate ON and OFF maps.

We then applied one-way analysis of variance to these maps
to identify neurons exhibiting significant spatial variation in their
responses. The MRF was determined by aggregating ON and OFF maps,
maximizing the averaged response per location, and fitting a 2D Gauss-
ian. For quality control, we excluded neurons with extreme MRF sizes
(bottom 5% and top 95%) and those with low signal-to-noise ratio (SNR),
calculated as SNR(x) = ZM where the mask was obtained by

KXmask=0

thresholding the fitted Gaussian at 0.3. To evaluate the spatial relation-
ship between the MRF and the bipartite structure, we calculated (1) the
average pairwise distance between the MRF and each subfield across all
pixels; (2) the overlap between the MRF and each subfield normalized
by the MRF size. To estimate the diameter of MEI, variable subfield,
and MRF, we first binarized their masks (threshold = 0.3) and defined
the diameter as the maximum pairwise distance between points along
the mask boundary.

Evaluation of pupil position uncertainty. To evaluate whether the
bipartite structure is related to uncertainty in the trial-by-trial pupil
shifts predicted by the shifter network, we trained three additional
model variants using subsets of trials stratified by pupil movement. (1)
Inthe minimal-movement model, we removed trials with pupil distance
from the mean position larger than three units in the eye camera coor-
dinate system, which corresponded to approximately one-twentieth
of the median MEI diameter (2.86° visual angle); the median percent-
age of trials retained was 33.1%. (2) In the small-movement model, we
included trials within the bottom 50th percentile of pupil movement.
(3) Inthe large-movement model, weincluded trials within the top 50th
percentile of pupil movement. For each model we generated MEI, VEIs,
and partial-texture VEIs for every neuron.

Invivo closed-loop verification of synthesized stimuli

Neuron selection. This section describes neuron section for stimulus
synthesis for 14 out of the 17 mice used for all experiments except for
DS model validation. For nine out of 14 mice, we randomly selected
neurons with relatively high level of invariance (detailed below); for
the remaining five mice, we randomly selected neurons from all can-
didatesthat survived our oracle score and model performance criteria
(see above). To remove the confounding effect of RF size on neurons’
invariance level, we fit a least squares regression from the MEI mask
sizeto the diversity index computed from VEIs (see above) using 1,000
random neurons compiled across eight pilot datasets. For each neuron,
theresidual between the actual mean VEI pairwise Euclidean distance
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and the predicted distance from the MEI mask size was calculated as its
diversity residual. This diversity residual served as an size-independent
evaluation of neuron’s invariance level. For each of the nine mice, we
randomly selected neurons from the top 50th percentile among all
neurons with positive diversity residuals.

Presentation of synthetic stimuli. For all MEIs, VEIs, texture-based
VEIs and control stimuli, we masked the stimuli with the MEI mask
and standardized all masked stimuli such that they have fixed value of
mean (3.09 cd m?) and RMS contrast (0.25 cd m™) in the luminance
space with only small amount of deviation due to clipping within
the 8-bit range. The fixed mean and contrast valued were chosen to
approximate those of the training set while minimizing the amount of
clipping when converting synthetic stimuli from z-score space to the
8-bit image space. All pixels outside of the MEI mask were set to 128,
the same intensity as the blank screen in between consecutive trials.
For each neuron, the MEI was presented 20 times. In two mice, ten
randomly selected VEIs were each presented for 20 repeats, whereas
in the remaining mice, each of the 20 VEIs or control stimuli for each
neuron were presented once.

Monitor positioning across days. To optimize the monitor position
for centered visual cortex stimulation, we mapped the aggregate RF of
the scanfield ROl using sparse noise stimuli consisting of bright (pixel
value =255) and dark (pixel value = 0) dots. We tiled the center of the
screeninal0 x 10 grid with single dots in random locations, with ten
repetitions of 200 ms presentation at each location. The RF was then
estimated by averaging the calcium trace of an approximately 150 x
150 pm?window in the ROI from 0.5-1.5 s after stimulus onset across
allrepetitions of the stimulus for each location. The resulting 2D map
was fitted with an elliptic 2D Gaussian to find a center. To keep a con-
sistent monitor placement across allimaging sessions, we positioned
the monitor such that the aggregate RF of ROl in the first session was
placed at the center of the monitor and then fixed the monitor posi-
tionacross the subsequent sessions within a closed-loop experiment.
An L-bracket on a six-dimensional arm was fitted to the corner of the
monitor at its location in the first session and locked in position such
that the monitor could be returned to the same positionbetweenscans
and across imaging sessions.

Cell matching across days. To return to the same image site, the
craniotomy window was leveled with regard to the objective with six
d.f., five of which were locked between days. A structural 3D stack
encompassing the volume was imaged at 0.8 x 0.8 x 1 px*um~ xyz
resolution with 100 repeats. The stack contained two volumes each
with 150 fields spanning from 50 pum above the most superficial scan-
ning field to 50 um below the deepest scanning field; each field was
500 %800 pm?, together tilinga 800 x 800 um?field of view (300 pm
overlapped). This was used to register the scan average image into a
shared xyz frame of reference between scans across days. To match
cells across imaging scans, each two-dimensional scanning plane
wasregistered to the 3D stack through an affine transformation (with
nine d.f.) to maximize the correlation between the average recorded
plane and the extracted plan from the stack. Based on its estimated
coordinates in the stack, each cell was matched to its closest cell
across scans. To further evaluate the functional stability of neurons
across scans, in each scan we included an identical set of 100 natural
images with each repeated ten times (referred as oracle images). For
each pair of matched neurons from two different scans, we compute
the correlation between their average trial responses to the oracle
images. To be included for downstream analyses, the matched cell
pair need to (1) have an intercellular distance smaller than 10 pm;
(2) achieve a functional correlation equal to or greater than the top 1
percentile of correlation distribution between allunmatched cell pairs
(estimated as 0.42); and (3) survive manual curation of the matched

pair’s physical appearancein the processed average frame. Amongall
closed-loop scans, 56 +16% of closed-loop neurons per scan survived
allthree criteria.

Analysis of in vivo neuronal responses

In vivo response comparisons and statistical analysis. Recorded
responses were normalized across all presented images within each
scan. For matched neurons, we averaged responses across either 20
repetitions of a single image (for MEIs and individual VEIs) or single
presentations of 20 differentimages (for VEIs, texture-based VEIs and
control stimuli). To assess the statistical significance of response differ-
ences for individual neurons, we employed two-sided Welch’s ¢-tests.
For evaluating the overall difference in average responses across all
neurons, we utilized two-sided Wilcoxon signed-rank tests.

Individual VEI response analysis. To compare the in vivo responses of
individual VEIs to their corresponding MEI, we randomly selected ten
VEIsforeachneuronand presented each VEI 20 times. Using atwo-sided
Welch’s t-test, we assessed whether responses to individual VEIs dif-
fered from 85% of their corresponding MEI response. To determine
whether our experimental procedure can reliably detect reductions
in neuronal responses relative to the MEI, we analyzed the empirical
probability of observing lower activation levels given our sample size.
For each predefined activation level below 85%, we generated two sets
of 20 MEl trials per neuron by sampling with replacement: areference
setscaled to 85% and acomparison set scaled tothe selected activation
level. We thenapplied a one-tailed Welch’s t-test to assess whether the
comparison set exhibited lower activation. Repeating this procedure
across all neurons tested in closed-loop experiments allowed us to
quantify the relationship between response reductions compared to
MEI activation in vivo and the fraction of significant tests (statistical
power; Extended DataFig. 2b). Finally, the proportion of individual VEIs
elicitingresponses below 85% of their corresponding MEI was used as
a proxy for statistical power to estimate the 95% confidence intervals
of the normalized individual VEI responses.

To investigate whether the relative strength of VEI responses to
MEI depended on presenting single versus multiple VEIs, we imple-
mented two bootstrapping strategies on the same dataset: averaging
across 20 repeats of the same VEI, and averaging across 20 single trials
from different VEIs. For each bootstrap iteration, we estimated arobust
linear coefficient between VEIs and MEI using the RANSAC algorithm®’.
We then examined whether the difference in linear coefficients esti-
mated from the two bootstrapping strategies differed from zero.

Decoding VEIs from population responses. To assess whether dif-
ferences across VEIs can be represented by V1 population responses,
we randomly selected a pair of VEIs (VEI, and VEL,) for each neuron and
presented each VEI 20 times. To quantify the neuronal discriminability
between these VEIs, we implemented a fivefold cross-validated logistic
classification with L2 regularization on the V1 population responses.
This classifier was trained to distinguish whether each single-trial
population response was originated from VEI, or VEL,. The optimal
regularization strength was determined empirically by fitting the
logistic regression model on anindependent pilot dataset.

Inssilico quantification and analysis

In silico stimuli presentation. To ensure the most reliable predictions
from our model, we standardized all images to match the training set
statistics before presenting them in silico. The training set images on
average had approximately a mean of zero and RMS contrast of 0.8
(after z-scoring) within the MEI mask. By synthesizing MEIs under a
range of full-field statistics constraints, we determine that full-field
images with a mean of zero and RMS contrast of 0.25 best replicated
these statistics. Therefore, we adopted a uniform preprocessing pro-
cedure for allimages: we applied the corresponding MEI mask to each
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image and then normalized the entire image to mean of zeroand RMS
contrast of 0.25.

Simulation of simple and complex cells. Theresponse of anidealized
simple cellwas modeled as convolution with a2D Gabor filter followed
by arectified linear activation function”. Anidealized complex cell was
formulated by the classical energy model®®, where the response was
modeled as the square root of the summation of squared outputs toa
quadrature pair of 2D Gabor filters. A Gabor image was generated as

12)

2 2 .
IGabor(X,y) = exp _( (=) +O—pty) )COS (Zn(xcos 6+ysin0) + w) ,

20? A

where u,and i, control the center of the Gabor, ois the standard devia-
tion of the Gaussian envelope, and 6, A and ¢ control the orientation,
spatial frequency, and phase of the grating, respectively. For all simu-
lated cells, u, and 1, were set to zero; 8 and psi were randomly sampled
fromtherange of [0,m] and [0,2r], respectively. We then selected and
Avaluesthat closely match neuronal propertiesin our dataset. o values
were selected from the range of [4.4°,10.9°] visual angle, as inferred
from MEImask sizes from1,000 random neurons in eight pilot datasets.
For A, we first searched for Gabor images with the highest predicted
activation for real neurons using arange of [0.02° per cycle, 0.12° per
cycle]*®, and thenrandomly selected A values from those correspond-
ing to the optimal Gabor images. We then randomly combined these
parameters to simulate the ground-truth Gabor stimuli for 60 simple
and 60 complex cells. To ensure sufficient frequency representation
within the Gaussian window, we constrained A to be nomore than twice
the value of a.

For eachsimulated cell, we collected idealized responses to 5,000
random ImageNet images, using each response as the mean of a Pois-
son distribution from which we sampled a noisy response. This noisy
input-response dataset was then used to train a predictive model
with an architecture identical to that used for real neurons. Finally,
we applied the same image optimization procedure described above
to generate MEl and VEIs using the simple and complex cell predictive
models. This procedure aims to simulate the noise inherent in biologi-
cal systems and create predictive models for simulated cells that more
closely resemble those of real neurons.

Representational similarity. To quantify similarity of visual stimuliin
aspace thatis relevant to mouse V1 population functionality, we first
obtained a low-dimensional latent representation for each stimulus
and then assessed the similarity between stimulus pairs using this
latent representation. We used amodel ensemble trained on a held-out
dataset to predict population responses to arandom set of MEIs from
14 different animals (500 per animal) after these MEIs were centered
and standardized. We then performed principal component analysis
(PCA) and retained the top 53 principal components, which together
explained 95% of the response variance across all neurons. For any
given stimulus, we centered and standardized it, passed it through
the designated model ensemble, and projected the resultant popula-
tion response onto the 53-dimensional space to derive its latent neu-
ronal representation. We then computed representational similarity
of each pair of stimuli using cosine similarity in this latent space. To
compute similarity between sets of stimuli (for example, sets of VEIs
generated fromvarious conditions), we calculated the average pairwise
representational similarity.

The CUB and CUB-grating datasets. To study the relationship
between invariance and natural stimuli, we sampled over 1 million
crops from the Caltech-UCSD Birds-200-2011 (CUB) image dataset®.
This dataset contains 11,788 natural images across 200 bird categories,
each featuring a single bird in its natural habitat. We resized original
images to 64 x 64 pixels and sampled them using a 36 x 36pixel window

with a stride of 2. Each image included a manual semantic segmenta-
tion label identifying the bird region as a probability map, which was
binarized using a threshold of 0.5. To test whether object boundaries
defined by spatial frequency differences strongly activate Vlneurons,
we created a modified dataset, ‘CUB-grating’, by replacing object and
background content with grating patterns. We generated four equally
sized image types (2 millionimages each):

1. Homogeneous grating pattern without using segmentation
labels (‘single grating’).

2. Gratings with identical spatial frequency but varying orientations.

3. Gratings with identical orientation but varying spatial
frequencies.

4. Gratings with both spatial frequency and orientation varied.

To determine the frequency range for high- and low-frequency
patterns, we sampled 1,000 random neurons across eight pilot mice
and fitted optimal Gabor filter stimuli for each neuron using their cor-
responding predictive model. We defined high frequency as 5.83° per
cycle and 15.55° per cycle (5th to 50th percentile) and low frequency
as15.55° per cycle to 58.3° per cycle (50th to 95th percentile). We inde-
pendently and uniformly sampled frequency, orientations and phases
for the object and background gratings, and normalized themto have
identical mean and RMS contrast. We masked the grating images with
their corresponding object and background masks from the binarized
segmentation label. To minimize edge artifacts, we applied a Gaussian
filter (6=1.5) to blur object-background boundaries.

Analyses on highly activating crops in the CUB and CUB-grating
datasets. To assess the alignment of the spatial structure between
neurons’ bipartite RF and the object-background division in the CUB
dataset, we screened over 1 million CUB image crops insilico for each
target neuron to identify the 100 most highly activating ones. Each
crop was masked from a full-field image with the target neuron’s MEI
mask and standardized to match the MEI's mean and RMS contrast
within the mask. We classified a crop as containing object boundary if
it comprised at least 20% of both object and background within the
target neuron’s RF. We also reproduced our findings with10% and 30%
thresholds. Crops without object boundaries were excluded from
downstream analyses. To obtain a bipartite mask (7;,,c) for each
neuron, we binarized its MEI mask (myg,) and variable subfield mask
(my,) by thresholding at 0.3, assigning a value of 1 for each pixel within
my, and -1 for each remaining pixel within myg,. Similarly, using the
manual segmentation label for each image crop, we assigned a value
of 1if the pixel is within the object and -1 if the pixel belongs to the
background. We quantified the alignment between a crop’s segmenta-
tion label and the neuron’s bipartite mask using a matching score
defined as s = ZMmmeXMs \hare a score of 1indicates perfect align-

mME,b
ment of the variable subfield with the object and fixed subfield with
thebackground, and O indicates the reverse. The same procedure was
applied on 100 random images to serve as a baseline to account for
inherent bias of the dataset. This protocol was also used to evaluate
matchingin the CUB-grating dataset.

Spatial frequency tuning analysis in bipartite subfields. To study
systematically how neuronal responses vary with spatial frequencyin
each subfield, we performed additional analyses using naturalimages.
Foreachtarget neuron, we applied the fixed subfield mask to the CUB
natural image dataset to extract 10,000 random crops and computed
their median spatial frequency. These crops were then combined with
the original variable subfield (masked directly from the MEI), and the
resultingimages were fed into our predictive model to obtain predicted
responses. For each neuron, we calculated the Pearson correlation coef-
ficient between the median frequency of the crops and the predicted
responses. We repeated this process for the variable subfield as well.
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Functional connectomics analyses on the MICrONS dataset
Replication of VEIs in MICrONS and closed-loop validation.
Recently, a large-scale functional connectomics dataset of mouse
visual cortex (‘MICrONS’), including responses of >75,000 neurons to
full-field natural videos and the reconstructed subcellular connectivity
of the same cells from electron microscopy data®. A dynamic digital
twin model® of mouse visual cortex exhibits high predictive perfor-
mance for natural videos and generalizes accurately to out-of-domain
stimuli, including drifting Gabor filters, directional pink noise, and
random dot kinematograms. Leveraging this cross-domain generali-
zation, we extracted specific functional properties from this digital
twin model and related them to the neuronal connectivity and ana-
tomical properties. Specifically, we first trained adynamic digital twin
based on a convolutional vision transformer with a long short-term
memory architecture (CvT-LSTM)® on population responses from the
MICrONS dataset population using all video clips from the MICrONS
stimulus set. We then presented a video of 5,100 unique natural
images as described in ‘Presentation of natural stimuli’ (except that
every image was shown once as the model prediction is determin-
istic) to the dynamic digital twin and used these in silico responses
to train a static model (‘dynamic-static’ model). MEls, VEIs and the
bipartite parameterization were subsequently extracted from the
‘dynamic-static’ model.

Tovalidate theimages generated from this ‘dynamic-static’ model,
we recorded the visual responses of the same neuronal population
to static natural images as well as to the identical natural movies that
were used in the MICrONS dataset in three new mice. Based on neu-
ronal responses we trained two versions of static models: one directly
onin vivo static image responses as described in previous sections,
and one ‘dynamic-static’ model. We then presented MEls, VEIs, and
partial-texture VEIs extracted from both static models back to the
mice in closed-loop experiments. As the static and dynamic stimuli
were presented in two separate scans on day 1, only neurons that had
unique one-to-one matching between the two scans (54 + 3%) and
had matching distance smaller than 5 um (76 + 5%) were considered
for image synthesis. We further excluded neurons in the bottom 1st
percentile of CC,,,, and CC,,,and thenrandomly selected neurons from
the remaining population for closed-loop validation. For scans with
synthesized images, only neurons with reliable matching (see criteria
in‘Cell matchingacross days’) to both day 1static and dynamics scans
were included for data analysis. On average, 33 + 2% of closed-loop
neurons per scan were kept for data analysis.

Neuron selection for functional connectomics analysis. We focused
our analysis exclusively on V1L2/3 excitatory neurons, using per-neuron
areamembership labels provided by the MICrONS release®*. Neurons
withreliable visual responses (CC,,,,>0.4) and that were well predicted
by the digital twin model (CC,,,>0.2) were included in the downstream
analysis, following the methodology described in Schoppeetal.”and
Dingetal.”. These criteria resulted in 19 presynaptic neurons and 706
connected pairs for downstream analysis.

To control for neuronal connectivity at a finer synaptic level, we
followed the procedure outlined in Ding et al.? to identify axonal-den-
dritic proximity (ADP) controls. These neurons had a dendritic skel-
eton passing within 5 um of the presynaptic neuron’s axonal skeleton
(measured in 3D Euclidean distance) but were not observed to form
asynapse with the presynaptic neuron. This process produced 2,486
ADP neurons and 18,162 pairs of ADP controls.

Functional analysis on the MICrONS dataset. To elucidate functional
differences between connected pairs and ADP controls, we aggregated
data across all presynaptic neurons; however, naive aggregation is
problematic due to varying functional and connectivity metrics of
different presynaptic neurons.

To address this, we performed the following corrections:

Correction on functional metric: We implemented a two-step
standardization process for each pairwise metric (MEI and VEI pair-
wise similarity, and diversity index difference). First, we adjusted the
pairwise value by subtracting the mean of its presynaptic neuron,
calculated across that neuron’s connected pairs and ADP control pairs.
We then added back a regional baseline level, computed as the global
mean value across all connected pairs and ADP controls within V11L2/3.
This correction was applied to all pairwise metrics for both connected
pairs and ADP controls.

Correction on connectivity metric: When aggregating connected
pairs, we weighted each pair by the number of synapses observed
between them and then adjusted for presynaptic neuron synapse
conversion rates. We calculated the synapse conversion rate for each
presynaptic neuron as the ratio between the total number of synapses
formed fromits axon and the total co-traveling distance with dendrites
from its postsynaptic targets and ADP controls within V1L2/3. The
expected number of synapses between a pair was then calculated as
the product of this rate and the co-traveling distance. We adjusted
the observed number of synapses by this expected value and then
added back a regional expected number of synapses based on the
pair’s co-traveling distance and the regional synapse conversion rate.

We then performed weighted bootstrapping on connected and
ADP pairs independently, using the adjusted number of synapses as
weight for connected pairs and co-traveling distance for ADP controls.
To quantify synapse conversion rate as a function of functional similar-
ity, we adapted the procedure from Ding et al.”*. We binned all neuron
pairs (both connected and ADP control) according to their pairwise
value. For each bin, synapse conversion rate was defined as the ratio
ofthe number of observed synapses to the total co-traveling distance
between presynaptic neurons’axon arbors and their targets’ dendritic
skeletons within the bin. We included only bins containing more than
ten connected neuron pairs and representing at least than 2.5% of all
connected neuron pairs. To estimate the standard deviation (s.d.) of the
synapse conversion rate, we resampled the connected and ADP pairs
withreplacement, binned the resampled distributions, and calculated
thes.d. within each bin.

Statistics

Giventhe exploratory nature of this study, no statistical methods were
used to predetermine sample size. We acquired two-photon calcium
imaging data from 17 mice (>33,000 neurons) for network training
and downstream analyses, and Neuropixels recordings from six mice
(>300 neurons) for complementary analyses. Sample sizes matched
or exceeded those of previous studies with similar designs. All statisti-
caltestswerereported directly in figure captions with corresponding
sample sizes, test statistics and P values. Permutation tests and boot-
strapping procedures were conducted using 10,000 permutations
or resamplings with replacement. P values for permutation tests and
bootstrapping <10~*werereported as P<10™*; otherwise, exact Pvalues
were provided. The linear coefficient was computed as the average of
values obtained from 1,000 independent robust regressions using the
RANSAC algorithm®. For Welch'’s t-tests and one-sample t-tests, normal-
ity was assumed but not explicitly tested. For multiple comparisons,
we applied the Benjamini-Hochberg correction and reported both the
fraction of significant comparisons before and after correction, along
with the corrected Pvalues.

Software

Experiments and analysis were conducted with custom-built data
pipelines (https://github.com/cajal/pipeline) and a custom stimulus
optimization pipeline (https://github.com/cajal/featurevis). The data
pipeline was developed in MATLAB (v.20164a, v.2018b) and Python
(v.3.6, v.3.8) and Psychtoolbox3, Scanlmage (v.2017b), DeepLabCut
(v.2.0.5), CAIMAN (v.1.0) and LabView (v.2016) were used for data col-
lection. Datajoint (v.0.12.9), MySQL (v.5.7.37) and CAVE (v.4.12,4.14,4.16)
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were used for storing and managing data. Numpy (v.1.22.2), pandas
(v.1.5.3), SciPy (v.1.8.0), statsmodels (v.0.13.5), scikit-learn (v.1.0.2) and
PyTorch (v.1.7.0+cull0) were used for model training and statistical
analysis. Matplotlib (v.3.2.2) and seaborn (v.0.11.2) were used for graphi-
calvisualization.Jupyter (v.4.4.0), Docker (v.19.09.13) and Kubernetes
(v.1.19.4) were used for code development and deployment.

Reporting summary
Further information on research design is available in the Nature
Portfolio Reporting Summary linked to this article.

Data availability

The publicimage dataset CUB-200-2011 used in this study is available
at https://www.vision.caltech.edu/datasets/cub_200_2011. All other
datasupporting the findings of this work have been deposited on GIN
(G-Node) and are publicly available at https://gin.g-node.org/cajal/
microns-vei-2025 (https://doi.org/10.12751/g-node.w7feg2). Source
dataare provided with this paper.

Code availability
Custom developed code used in the analysis can be found at https://
github.com/cajal/microns-vei-2025, tag1.0.0.

References

58. Reimer, J. et al. Pupil fluctuations track fast switching of cortical
states during quiet wakefulness. Neuron 84, 355-362 (2014).

59. Sofroniew, N. J., Flickinger, D., King, J. & Svoboda, K. A large field
of view two-photon mesoscope with subcellular resolution for
in vivo imaging. Elife 5, e14472 (2016).

60. Mathis, A. et al. DeeplLabCut: markerless pose estimation of
user-defined body parts with deep learning. Nat. Neurosci. 21,
1281-1289 (2018).

61. Pnevmatikakis, E. A. et al. Simultaneous denoising,
deconvolution, and demixing of calcium imaging data. Neuron
89, 285-299 (2016).

62. Giovannucci, A. et al. Caiman: an open source tool for scalable
calcium imaging data analysis. Elife 8, e38173 (2019).

63. Birman, D. et al. Pinpoint: trajectory planning for multi-probe
electrophysiology and injections in an interactive web-based
3D environment. Preprint at bioRxiv https://doi.org/10.1101/
2023.0714.548952 (2023).

64. Tafazoli, S. et al. Emergence of transformation-tolerant
representations of visual objects in rat lateral extrastriate cortex.
Elife 6, €22794 (2017).

65. Pachitariu, M., Sridhar, S., Pennington, J. & Stringer, C. Spike
sorting with Kilosort4. Nat. Methods. 21, 914-921(2024).

66. Jones, J. P. & Palmer, L. A. The two-dimensional spatial structure
of simple receptive fields in cat striate cortex. J. Neurophysiol. 58,
1187-1211 (1987).

67. Fischler, M. A. & Bolles, R. C. Random sample consensus: a
paradigm for model fitting with applications to image analysis
and automated cartography. Commun. ACM 24, 381-395 (1981).

68. Adelson, E. H. & Bergen, J. R. Spatiotemporal energy models for
the perception of motion. J. Opt. Soc. Am. A 2, 284-299 (1985).

Acknowledgements

The authors thank D. Markowitz, the Intelligence Advanced
Research Projects Activity (IARPA) MICrONS Program Manager,
who coordinated this work during all three phases of the MICrONS
program. We thank IARPA program managers J. Vogelstein and

D. Markowitz for co-developing the MICrONS program. We thank

J. Wang, IARPA SETA for her assistance. The work was supported

by the IARPA via Department of Interior/Interior Business Center
contract nos. D16PC00003, D16PC0O0004 and D16PC0O005. The US
Government is authorized to reproduce and distribute reprints for

governmental purposes notwithstanding any copyright annotation
thereon. X.P. acknowledges support from the National Science
Foundation (NSF) CAREER grant 10S-1552868 and from the funds
provided by the NSF and by U.S. Department of Defense, Office of
the Under Secretary of Defense (R&E) under Cooperative Agreement
PHY-2229929 (the NSF Al Institute for Artificial and Natural
Intelligence; ARNI). Zhuokun Ding, S.P., X.P. and A.S.T. acknowledge
support from NSF NeuroNex grant 1707400. A.ST., X.P., K.J. and J.R.
are supported by RF1 MH130416. A.S.T. also acknowledges support
from the National Institute of Mental Health and National Institute of
Neurological Disorders And Stroke under award no. UI9MH114830
and National Eye Institute award nos. RO1 EY026927 and Core
Grant for Vision Research T32-EY-002520-37. M.D. is supported

by the European Union’s Horizon 2020 research and innovation
program under the Marie Sktodowska-Curie grant agreement no.
101025482. E.F. is supported by a European Research Council (ERC)
grant (ERC-2022-STG, NEURACT, grant agreement no. 101076710)
and by the Hellenic Foundation for Research and Innovation

under the Second Call for Research Projects to Support Faculty
Members and Researchers with grant agreement no. 4049. L.B. and
J.A. are supported by EU Horizon 2020 Maria Sklodowska-Curie
grant agreement no. 861423 and ERDF-Project Brain dynamics, no.
CZ.02.01.01\00\22_008\0004643. S.S. is supported by funding
from the Amaranth Foundation and the James Fickel Enigma Project
Fund. The views and conclusions contained herein are those of the
authors and should not be interpreted as necessarily representing
the official policies or endorsements, either expressed or implied,
of IARPA, Department of Interior/Interior Business Center or the

US Government. This work was also supported by the ERC under
the European Union’s Horizon Europe research and innovation
programme (grant agreement no. 101041669 and agreement

no. 101171526) as well as the Deutsche Forschungsgemeinschaft
(German Research Foundation), project ID 432680300 (SFB 1456).

Author contributions

We adopted the following contribution categories from CRediT
(Contributor Roles Taxonomy). Authors within each category are
sorted in the same order as in the author list. Conceptualization:
Zhiwei Ding, D.T., Zhuokun Ding, P.F., E.C., A.C., S. Papadopoulos, J.F.,
S.AC. F.A, E.F,S.Patel, EY. Walker, J.R.,, F.H.S., AS.E., K.F., X.P.and
A.ST. Investigation: Zhiwei Ding, D.T., K.P., Zhuokun Ding, R.F., L.N.,
L.B., M.D., .M. and A.S.T. Methodology: Zhiwei Ding, D.T., Zhuokun
Ding,E.C.,AC., L.B,EY.Wang, J.F, TM., A.E.,,KW., E.F.and A.ST.

Data curation: Zhiwei Ding, D.T., Zhuokun Ding, P.F., M.D., EYY. Wang, S.
Papadopoulos and C.P. Formal analysis: Zhiwei Ding and D.T. Project
administration: Zhiwei Ding, DT. and A.ST. Supervision: J.R., F.H.S,,
A.S.E., K.F,, X.P.and A.S.T. Funding acquisition: S.S., K.F., J.R., X.P. and
A.ST.Resources: K.P., R.F., L.N., M.D., TM,, J.R.,, K.F., X.P.and A.ST.
Software: Zhiwei Ding, DT., Zhuokun Ding, E.C., L.B., EY. Wang, C.P.,
A.E., K.W. and S. Patel. Validation: Zhiwei Ding, DT., K.P., Zhuokun
Ding, R.F., L.N., P.F.,, EY. Wang, S. Papadopoulos and T.M. Visualization:
Zhiwei Ding, DT, P.F. and S. Papadopoulos. Writing - original draft:
Zhiwei Ding, D.T. and A.S.T. Writing - review & editing: Zhiwei Ding, DT.,
Zhuokun Ding, P.F.,, L.B., M.D., S. Papadopoulos, F.A., S.S., J.A., S. Patel,
JR,FHS., ASE., KF, X.P.and AST.

Competinginterests

A.ST.is a cofounder of DataJoint and Metamorphic Public Health
Corporation, companies in which he has financial interests. J.R.is a
cofounder of DataJoint, a company in which he has financial interests.
The other authors declare no competing interests.

Additional information
Extended data is available for this paper at
https://doi.org/10.1038/s41593-026-02213-3.

Nature Neuroscience


http://www.nature.com/natureneuroscience
https://www.vision.caltech.edu/datasets/cub_200_2011
https://gin.g-node.org/cajal/microns-vei-2025
https://gin.g-node.org/cajal/microns-vei-2025
https://doi.org/10.12751/g-node.w7feg2
https://github.com/cajal/microns-vei-2025
https://github.com/cajal/microns-vei-2025
https://doi.org/10.1101/2023.07.14.548952
https://doi.org/10.1101/2023.07.14.548952
https://doi.org/10.1038/s41593-026-02213-3
https://doi.org/10.1038/s41593-026-02213-3

Article https://doi.org/10.1038/s41593-026-02213-3

Supplementary information The online version Peer review information Nature Neuroscience thanks Gabriel Kreiman
contains supplementary material available at and the other, anonymous, reviewer(s) for their contribution to the
https://doi.org/10.1038/s41593-026-02213-3. peer review of this work.

Correspondence and requests for materials should be addressed to Reprints and permissions information is available at

Andreas S. Tolias. www.nature.com/reprints.

Nature Neuroscience


http://www.nature.com/natureneuroscience
https://doi.org/10.1038/s41593-026-02213-3
https://doi.org/10.1038/s41593-026-02213-3
http://www.nature.com/reprints

Article

https://doi.org/10.1038/s41593-026-02213-3

a MEI VEls b c
1
g " m e
S L LT | s W
o . o e
=
2 PR T A S s -
s o2 ) ®, L]
T‘:\; g’g u>.| in = mp Iy
= ET = w B . L 0
e2 g el e e
[}
co 2 = S W
= 25 o o ] ;" e
[l [SE=} | y
.a S ® " L ll ] lﬁ
5 w | LI L
L}
n =
. B N,
— 1 1 | |
g -1
2
] Normalized activation Natural VEIs
d e
g 16
s .
E 8 1 3 . " .//
k= £ c ’
=) £ 3 .
6 2] - . P4
© 2 /
g z
Su 3 S e
® T 0.2 .« S
5 €> w3 L .
K} IR >3 . -
z o< [ 2 .
a2 2§ P
) T 0O R
[0 ¥} Pz} 7
_ 8= S Ao,
g z o S
g E C e *
(o] Q ¢ © e .
c g a )
g 05 8l .
- § T T T
[ 8 16
<3 > \S P
2 \\\@\ \\\‘3\ ‘(N((' Original VEIs
3 N\ N & Euclid irwise dist
o W« pes mean Euclidean pairwise distance

Extended DataFig. 1| VEIs capture invariance observed in natural images with
VEI-like activation. a, Examples of MEI, VEIs, and ‘natural VEIs’ for 4 example
neurons. b, Neuronal responses to masked natural images are sparse, and their
amplitudes are smaller than those evoked by MEIs and VEIs. The gray lines show
the fraction out of 41 million masked images that elicit a given activation or
higher for 100 model target neurons; black is the average. Responses from each
cellare divided by the response toits MEL. On average, 1.2% of images produced
activations above 50%, 0.02% above 75%, and 0.006% above 85% of the MEI
activation. ¢, Natural VEIs maintained high specificity to their target neuron.
Confusion matrices showed in silico representational similarity between original

VEIs and highly activating natural crops. Representational similarity between
original VEIs and highly activating natural crops for the same neurons (diagonal)
was larger than cross-neuron similarity (off-diagonal) (two-sided permutation
test, P<107*for all conditions after BH corrections). d, Natural VEIs closely
resembled the original VEIs. The original VEIs were more similar to natural VEIs
of the same neuron than original VEIs of other random neurons (two-sided
Wilcoxon signed-rank test, W=0, P=1.1x107). e, Original VEIs have higher mean
Euclidean pairwise distances than those of natural VEIs (two-sided Wilcoxon
signed-rank test, W=179, P=0.01). Data were pooled over 100 neurons randomly
sampled from eight mice.
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Extended Data Fig. 2 | Individual VEI activated their target neuron strongly.
a, For each neuron, we randomly selected ten VEIs (red) from the set of 20 VEIs.
Individual VEIs stimulated in vivo closely to the level predicted in silico with
respect to MEI (72 + 4% versus 85%) (two-sided Wilcoxon signed-rank test,
W=519434, P=0.03), with only 274 out of all 1490 individual VEIs (18.4%) evoked
responses lower than 85% of the corresponding MEI (3.0% after BH correction;
P<0.05, one-sided Welch’s t-test with 32.5 average d.f.). b, Fraction of correctly
rejected null hypotheses as a function of response reduction from the 85%
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threshold; the shaded region indicates the 95% confidence interval. c,d, To
quantify the in vivo response relationship between MEl and VEIs, we performed
bootstrapping by either averaging across 20 randomly selected trials froma
single VEI (c) or 20 randomly selected trials from 10 different VEIs (d) (Methods).
e, Thelinear coefficients estimated using individual VEI (c, median=0.71) were
similar to those estimated using multiple VEIs (d, median=0.76) (P=0.59,
two-sided bootstrapped mean difference against 0). Data were pooled over 149
neurons from two mice.
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Extended Data Fig. 3| Neuronal-space VEIs evoked strong and selective in

vivo responses in target neurons while exhibiting population-decodable
differences. a, Examples of MEl and VEIs synthesized with image diversity
evaluated by Euclidean distance in pixel space (‘pixel-space’) or by cosine
distancein theinsilico population neuronal response space (‘neuronal-space’)
for four example neurons. b, The confusion matrices showed the responses of
each neuron to MEI (left) and neuronal-space VEIs (right) of 44 neurons. The
responses of each neuron were normalized, and each row was scaled so the
maximum response across allimages equals 1. Neurons responded more strongly
to their own MEl and neuronal-space VEIs (along the diagonal) compared to

MEIs and neuronal-space VEIs from other neurons, respectively (two-sided
permutation test, P<107*for both cases). ¢, Neuronal-space VEIs stimulated in
vivo closely to the level predicted in silico with respect to MEI (76 + 3% versus 85%)
(two-sided Wilcoxon signed-rank test, W=8464, P=7.7 x107), with only 11.6% of

Mean response
to synthesized controls (a.u.)

9 0
Mean response
to natural image controls (a.u.)

Neuronal-space VEI
decoding accuracy (%)
all neurons showing different responses between neuronal-space VEIs
and 85% of MEI (0.48% after BH correction; P< 0.05, two-sided Welch'’s t-test
with32.61averaged.f.).d,e, Neuronal-space VEIs activated their target neurons
more strongly than synthesized (d) and natural image (e) controls (two-sided
Wilcoxon signed-rank test, W=3441,P=2.1x10" and W=3466,P=2.7 1077
respectively) with13.5% and 19.8% of all neurons showing higher responses to
neuronal-space VEIs (0.0% and 2.5% after BH correction; P< 0.05, two-sided
Welch’s t-test with 31.0 and 30.6 average d.f., respectively). c-e, Data were pooled
over 207 neurons from five mice. f, In vivo population responses in mouse
V1L2/3 discriminated between the most dissimilar pair of neuronal-space VEIs.
VElidentity inindividual trials was decoded using a logistic regression classifier,
with decoding accuracies across neurons (median 93%) exceeded chance level
(50%, dashed line; one-sample t-test, t=138.5, P=1.7 x 107%). Data were pooled
over 235 neurons from three mice.
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Extended Data Fig. 4 | VEIs generalized across different conditions. a, VEIs
synthesized under different conditions remained highly specific to their target
neurons. The confusion matrices showed the representational similarity between
the original VEIs and VEIs generated from (1) different image initializations for
VEIs synthesis, (2) different model initializations, (3) different image and model
initializations, (4,5) synthesis using a single model from the ensemble, (6) a
different diversity metric based oninsilico population responses, (7,8) a different
model architecture™ with two different model seeds, (9,10) a different synthesis
method using implicit 1D and 2D periodic latent space neural representation
model and contrastive regularization®. Each entry represents the mean pairwise
cosine similarity between two sets of VEIs (Methods). Representational similarity
between original VEIs and VEIs synthesized from different conditions for the

VEI mean Euclidean pairwise distance

VEI mean Euclidean pairwise distance VEI mean Euclidean pairwise distance

same neurons (diagonal) was larger than cross-neuron similarity (off-diagonal)
(two-sided permutation test, P<10™*for all conditions after BH correction).

b, VEIs synthesized from different conditions were more similar to original VEIs
than random neurons’ VEIs (two-sided Wilcoxon signed-rank test, W=0, 0,1,
1,34,0,0,0,0,426,and 357, with P=1.2x1077,1.2x1077,1.3x1077,1.3x107",
3.5x1077,1.2x1077,1.2x10™7,1.2x107,1.2x107,2.2x 10, and 3.7 x 1077,
respectively, after BH correction). ¢, The mean Euclidean pairwise distances
between VEIs generated using different methods were strongly correlated with
those of the original VEIs (Pearson r=0.89, 0.56, 0.60, 0.43, 0.54, 0.45, 0.18, 0.08,
0.62and 0.66, with P=1.5x10"*,2.5x107,2.2x107°,1.3x107%,1.4x10°8,
3.5x107%,0.07,0.41,1.4 x10™, and 1.2 x 107, respectively, two-sided t-test).
Data were pooled over 97 neurons randomly sampled from eight mice.
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Extended Data Fig. 5| Bipartite invariance quantification. a,b, Mean peak-
normalized insilico response as a function of the variable subfield size with
linear interpolation (a) and quadratic-smoothing spline (b) for 1200 random
V1neurons from six mice, 60 simulated simple cells (blue), and 60 simulated
complex cells (red). ¢, Bipartite invariance index was defined as the ‘area under
the curve” (AUC) from the quadratic-smoothing splinein b. AUC values were
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highly consistent regardless of whether linear interpolation or quadratic-
smoothing spline was used (Pearson r=0.995, P<107¢, two-sided t-test).

d, Bipartite invariance indices were consistent across model ensembles
initialized with different random seeds (Pearsonr=0.66, P=3.2 x10™%, two-sided
t-test). a-d, Data were pooled over 1200 neurons from six mice.
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Extended Data Fig. 6 | Both subfields of the partial-texture VEIs are necessary
and specific for evoking high in vivo responses. a, Examples of the MEI, MEI
with either fixed or variable subfield masked out, VEIS ,; ., and VEIS ., With
either fixed or variable subfield swapped with random content for two example
neurons. The fixed subfield content was replaced with 20 different random
natural patches while the variable subfield was replaced with patches cropped
from 20 different random non-self neurons’ preferred textures. b,c, MEl with
fixed (b) or variable (c) subfield masked out evoked weaker in vivo responses
than MEI (two-sided Wilcoxon signed-rank test, W=5347, P=7.0 x10"?and
W=1570, P=4.1x10"%, respectively) with 15.4% and 38.1% of all neurons showing

Mean response to VEIs .,
with fixed subfield swapped (a.u.)

Mean response
to MEI (a.u.)

Mean response
to MEI (a.u.)

®

— Linear fit:y = 0.55x — Linear fit:y = 0.74x

Mean response to VEIs .,
with variable subfield swapped (a.u.)

o

o

Mean reéponse ‘ :
to VEIs ,, (a.u.)

" Mean reéponse
to VEIs ., (a.u.)

partial

weaker responses than their MEIs (1.9% and 27.9% after BH correction) (P< 0.05,
two-sided Welch’s t-test with 33.2and 29.9 average d.f., respectively). Data were
pooled over four mice, displaying a total of 215 neurons. d,e, VEIs,, ., with either
fixed (d) or variable (e) subfield swapped evoked weaker in vivo responses than
VEIS,,, 2 (two-sided Wilcoxon signed-rank test, W=1960, P=6.5 %107, and
W=5820,P=7.0 x107%, respectively) with 30.1% and 12.7% of all neurons showing
weaker responses than their partial-texture VEIs (18.9% and 0.0% after BH
correction) (P<0.05, two-sided Welch’s ¢-test with 30.0 and 32.5 average d.f.,
respectively). Data were pooled over 259 neurons from five mice.
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Extended Data Fig. 7| Quantification of diversity and bipartite invariance
indices from electrophysiological data. a, Normalized correlation coefficients
(CCporm) Of the model fine-tuned from a pretrained core on two-photon
recordings (denoted as ‘pretrained 2p core’) were higher than those from the
model trained from scratch (denoted as ‘end-to-end’) (two-sided Wilcoxon
signed-rank test, W=10762, P=2.1x107%*) with color representing units classified
as either ‘single units’ or ‘multi-unit activity’ (denoted as ‘Neuropixels single’ and
‘Neuropixels multi-unit activity’ (Neuropixels MUA), respectively). b, Histogram
of the normalized correlation coefficient (CC,,,,) for neurons modeled from
two-photon recording (denoted as 2p’, data were pooled over 33,714 neurons
from 14 mice), and Neuropixels units modeled using electrophysiological data
with pretrained 2p core (data were pooled over 364 spikes sorted units from six
mice). Excessively noisy neurons (CC,,,, < 0.1) were excluded (0.2%, 7.6%, and
4.6% of 2p, Neuropixels single, Neuropixels MUA, respectively) and neurons with
values outside of 0 and 1 were clipped (1.2%, 4.5%, and 6.1% for 2p, Neuropixels
single, and Neuropixels MUA, respectively) for visualization. ¢, Neuropixels
MUA (0.88+0.29) exhibited larger diversity indices than Neuropixels single units
(0.55+0.31) and 2p neurons (0.51+0.27) (P=9.3x10*and 1.7 x 10¥, two-sided
Welch’s t-test with 230.3 and 122.6 d.f., respectively) while Neuropixels single
units had similar diversity indices to 2p neurons (P=0.21, two-sided Welch’s t-test
with158.4 d.f.).d, Neuropixels MUA showed larger bipartite invariance indices

Inter-spike-interval (ISI) violation

(BlIs, 0.74+0.08) than Neuropixels single units (0.62+0.10) and 2p neurons
(0.65+0.08) (P=7.5x10"*and 1.3 x10"%, two-sided Welch’s t-test with 237.8 and
129.5d.f., respectively) while Neuropixels single units had marginally lower
bipartite invariance indices than 2p neurons (P=2.8 x10°¢, two-sided Welch'’s
t-test with155.7 d.f.). e, Neuropixels single units (38.8+6.36°) had larger RF sizes
than both Neuropixels MUA (35.6+4.99°) and 2p neurons (34.9+6.64°) (P=3.3 x
107and 1.7 x107, two-sided Welch’s t-test with 235.5 and 161.3 d.f., respectively)
while MUA had similar RF sizes to those of 2p neurons (P=0.30, two-sided Welch’s
t-test with141.6 d.f.).f, Histogram of the common logarithm of the inter-spike-
interval (ISI) violations for Neuropixels single and Neuropixels MUA. Neuropixels
MUA exhibited high ISl violations (median 0.94), whereas Neuropixels single
units displayed a smaller mean but broader distribution of ISI violations
(median 0.09). g, Diversity indices were not correlated with the ISl violations for
Neuropixels single units (Pearson r=-0.03 with p = 0.76). h, Bipartite invariance
indices were not correlated with the ISI violations for Neuropixels single units
(Pearson r=-0.05with p=0.55).g-h, Units with excessively large ISI violation
(>10) were excluded for visualization (two single units and one MUA). c-h,
Neurons were selected to have oracle scores larger than 0.22 and model test
correlations larger than 0.42. Two-photon data were pooled over 1,154 neurons
from six mice; electrophysiological data pooled over 240 spike sorted units
from six mice.
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Extended Data Fig. 8| VEIs cannot be well explained by shift invariance in
both subfields. a, Schematicillustrating three VEIs generation methods for
anexample V1bipartite cell: nonparametric optimization (VEIs), bipartite
parameterization (VEIs ), and ‘two-variable-subfield’ parameterization.

b, ¢, Example of in silico response and mean Euclidean pairwise distance for VEIs
optimized using bipartite and two-variable-subfield parameterization. For each
parameterization, we selected the sets of VEIs to maximize the harmonic mean
betweeninsilico response and image diversity (indicated by the larger dot).

d, VEIs,,, i,y were more similar to nonparametric VEIs than two-variable-subfield
VEIs as measured by representational similarity (two-sided Wilcoxon signed-
rank test, W=23640, P=5.7x1077). e, VEIS ., evoked higher responses in their
target neurons in silico than two-variable-subfield VEIs (two-sided Wilcoxon
signed-rank test, W=1977, P=1.1x10"%).f, VEIs ,,, exhibited lower diversity
than two-variable-subfield VEIs (two-sided Wilcoxon signed-rank test, W=4842,
P=1.4x10"?). Datawere pooled over 1200 randomly selected neurons from

six mice.
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a, Schematicillustrating three VEI generation methods for an example V1
bipartite cell: nonparametric optimization (VEIs), bipartite parameterization
(VEIs,ia), and ‘no-spatial-division’ parameterization. b, ¢, Example of in silico
response and mean Euclidean pairwise distance for VEIs optimized using
bipartite and no-spatial-division parameterization. For each parameterization,
we selected the sets of VEIs to maximize the harmonic mean betweenin

silico response and image diversity (indicated by the larger dot). For each
parameterization, a quadratic-smoothing spline fit was used to estimate: 1) the
insilico response at the diversity level matching that of the nonparametric VEIs
(denoted as ‘matched VEIs diversity’) and 2) the diversity level at the in silico
response matching that of the nonparametric VEIs’ response (‘matched VEIs
meaninsilico response’). d, Bipartite parameterization evoked higher insilico
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responses than no-spatial-division parameterization when VEl diversity were
matched (two-sided Wilcoxon signed-rank test, W=82385, P=1.4 x 107™%),

e, Bipartite parameterization showed greater diversity than no-spatial-division
parameterization when VEI mean in silico responses were matched (two-sided
Wilcoxon signed-rank test, W=89053, P=5.3 x10 ?).f, VEIs,,,,;, were more similar
to the original nonparametric VEIs than no-spatial-division VEIs as measured by
representational similarity (two-sided Wilcoxon signed-rank test, W=293622,
P=2.8x10%).g, VEIs,, ., evoked stronger in silico responses than no-spatial-
division VEIs (two-sided Wilcoxon signed-rank test, W=199252, P=5.1x10"").
h, VEIs ., exhibited higher diversity compared to no-spatial-division VEIs
(two-sided Wilcoxon signed-rank test, W=241714, P=5.5x10™"). Data were
pooled over 1200 randomly selected neurons from six mice.
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Extended Data Fig. 10 | Bipartite receptive field cannot be explained by variable subfield, as quantified by the mean pairwise distance between the MRF
the center-surround structure. a, Example MEls overlaid with their overall and each of the two subfields (two-sided Wilcoxon signed-rank test, W =14278,
boundaries (blue), ‘Minimum Response Field’ (MRF) boundaries (green), and P=5.1x107").d, However, the fixed subfield overlapped more with the MRF than
variable subfield boundaries (red) for visualization. b, Histogram of MEI, MRF, the variable subfield (two-sided Wilcoxon signed-rank test, W=24373, P=0.01;
and variable subfield diameters. The mean diameters of MEI, MRF, and variable median =27.1% and 25.1%, respectively). Data were pooled over 340 neurons from
subfield across all neurons were (mean +s.e.m.):32.9+0.02,20.6 + 0.01, 23.3 two mice.

+0.02 degrees. ¢, The fixed subfield was located further from the MRF than
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Statistics

For all statistical analyses, confirm that the following items are present in the figure legend, table legend, main text, or Methods section.
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The exact sample size (n) for each experimental group/condition, given as a discrete number and unit of measurement
A statement on whether measurements were taken from distinct samples or whether the same sample was measured repeatedly

The statistical test(s) used AND whether they are one- or two-sided
Only common tests should be described solely by name; describe more complex techniques in the Methods section.

A description of all covariates tested
A description of any assumptions or corrections, such as tests of normality and adjustment for multiple comparisons

A full description of the statistical parameters including central tendency (e.g. means) or other basic estimates (e.g. regression coefficient)
AND variation (e.g. standard deviation) or associated estimates of uncertainty (e.g. confidence intervals)

For null hypothesis testing, the test statistic (e.g. F, t, r) with confidence intervals, effect sizes, degrees of freedom and P value noted
Give P values as exact values whenever suitable.

For Bayesian analysis, information on the choice of priors and Markov chain Monte Carlo settings

For hierarchical and complex designs, identification of the appropriate level for tests and full reporting of outcomes
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Estimates of effect sizes (e.g. Cohen's d, Pearson's r), indicating how they were calculated

Our web collection on statistics for biologists contains articles on many of the points above.

Software and code

Policy information about availability of computer code

Data collection  Data collection was performed using custom software developed using the following tools: Scanimage (2017a), CAIMAN (1.0), PsychToolBox 3,
and Labview (2016).

Data analysis Experiments and analysis are carried out with custom built data pipelines (https://github.com/cajal/pipeline) and custom stimulus
optimization pipeline (https://github.com/cajal/featurevis). The data pipeline is developed in Matlab (2016a, 2018b) and Python (3.6, 3.8)
with the following tools: Dataloint (0.12.9), MySQL (5.7.37), and CAVE (4.12,4.14,4.16) were used for storing and managing data. Numpy
(1.22.2), pandas (1.5.3), SciPy (1.8.0), statsmodels (0.13.5), scikit-learn (1.0.2), and PyTorch (1.7.0+cu110) were used for model training and
statistical analysis. Matplotlib (3.2.2), seaborn (0.11.2) were used for graphical visualization. Jupyter (4.4.0), Docker (19.09.13), and
Kubernetes (1.19.4) were used for code development and deployment.

For manuscripts utilizing custom algorithms or software that are central to the research but not yet described in published literature, software must be made available to editors and
reviewers. We strongly encourage code deposition in a community repository (e.g. GitHub). See the Nature Portfolio guidelines for submitting code & software for further information.
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Data

Policy information about availability of data
All manuscripts must include a data availability statement. This statement should provide the following information, where applicable:

- Accession codes, unique identifiers, or web links for publicly available datasets
- A description of any restrictions on data availability

- For clinical datasets or third party data, please ensure that the statement adheres to our policy

The public image dataset Caltech—UCSD Birds-200-2011 (CUB-200-2011) used in this study is available at https://www.vision.caltech.edu/datasets/cub_200 2011.
All other data supporting the findings of this work have been deposited on GIN (G-Node) and are publicly available at https://gin.g-node.org/cajal/microns-dei-2025
(DOI: 10.12751/g-node.9m698z).

Human research participants

Policy information about studies involving human research participants and Sex and Gender in Research.

Reporting on sex and gender No human participant was involved in the study.

Population characteristics No human participant was involved in the study.
Recruitment No human participant was involved in the study.
Ethics oversight No human participant was involved in the study.

Note that full information on the approval of the study protocol must also be provided in the manuscript.

Field-specific reporting

Please select the one below that is the best fit for your research. If you are not sure, read the appropriate sections before making your selection.
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Life sciences study design

All studies must disclose on these points even when the disclosure is negative.

Sample size Given the exploratory nature of this study, no statistical methods were used to predetermine sample size. We acquired two-photon calcium
imaging data from 17 mice (>33,000 neurons) for network training and downstream analyses, and Neuropixels recordings from 6 mice (>300
neurons) for complementary analyses. Sample sizes matched or exceeded those of previous studies with similar designs.

Data exclusions  Cells were excluded a priori from analysis based on the reliability of their responses to visual stimuli and model prediction performance. For in
vivo verification, cells with inconsistent anatomical and functional properties across days as described in the paper were excluded a priori
from analysis.

Replication All analyses were conducted and independently reproduced in 3—10 mice, with one analysis conducted in 2 mice.

Randomization  Within each scan, stimuli from different types were presented in a pseudo-random order.

Blinding Experimenters were blinded to group allocation during data collection. The analyses were performed without blinding, however, the same
process was applied to all groups.

Reporting for specific materials, systems and methods

We require information from authors about some types of materials, experimental systems and methods used in many studies. Here, indicate whether each material,
system or method listed is relevant to your study. If you are not sure if a list item applies to your research, read the appropriate section before selecting a response.
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Materials & experimental systems Methods
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Animals and other research organisms

Policy information about studies involving animals; ARRIVE guidelines recommended for reporting animal research, and Sex and Gender in
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Laboratory animals Seventeen mice (Mus musculus: 9 male, 8 female) aged from 6 to 17 weeks, expressing GCaMP6s in excitatory neurons via Slc17a7-
Cre and Ail62 transgenic lines (stock nos. 023527 and 031562, respectively; The Jackson Laboratory) were selected for two-photon
calcium imaging experiments. In addition, six mice (Mus musculus: 2 male, 4 female) aged from 14 to 27 weeks were selected for
electrophysiological experiments, with 2 females expressing GCaMP6s in excitatory neurons via Slc17a7-Cre and Ai162 transgenic
lines (stock nos. 023527 and 031562, respectively; The Jackson Laboratory) and the rest being C57BL/6J wildtype (stock no. 000664,
The Jackson Laboratory).

Wild animals No wild animals were used in this study.

Reporting on sex Twenty three mice (Mus musculus) used in the study included 11 male and 12 female. Analysis disaggregated for sex was not
performed due to expected generalization of principles under study across genders.

Field-collected samples  No field-collected samples were used in this study.

Ethics oversight All procedures were approved by the Institutional Animal Care and Use Committee of Baylor College of Medicine.

Note that full information on the approval of the study protocol must also be provided in the manuscript.
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