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Graphical abstract. Two-photon calcium responses to 118 natural scenes are decoded with a leak-free, L2-regularized
linear decoder in primary visual cortex (VISp) and the higher visual area VISpm imaged in separate mice; at a

matched neuron count VISp carries a substantially more decodable representation of scene identity.

Abstract

Higher visual areas of the mouse cortex are thought to transform the comparatively general-
purpose representation of primary visual cortex (VISp) into more specialized codes, but how
much information about the identity of a complex natural scene survives this transformation
is not obvious a priori. Using the Allen Brain Observatory Visual Coding two-photon survey,
we decoded which of 118 natural-scene images was presented on each trial from populations
of layer-2/3 excitatory neurons expressing GCaMP6f. Because each two-photon experiment
images a single area in a single mouse at a single depth, a within-session cross-area comparison
is impossible; we therefore analysed one VISp experiment (ophys_experiment_id 501794235,
152 neurons) and one posteromedial (VISpm) experiment (503772253, 128 neurons), drawn
from different specimens but matched for Cre line (Cux2-CreERT2), reporter (Ai93/GCaMP6f)
and imaging depth (175 µm). Features were the per-neuron mean ∆F/F in a 0 ms to 500 ms
post-stimulus response window; an L2-regularized multiclass linear decoder (RidgeClassifierCV,
with the regularization strength chosen inside each training fold over a wide interior grid) was
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evaluated with a strictly leak-free scheme combining within-fold standardization and contiguous
temporal-block cross-validation with a frame embargo. In VISp, the full population decoded
scene identity at 0.178 top-1 accuracy and 0.394 top-5 accuracy—roughly 21× and 46× the 1/118
chance level (exact binomial p≈0). VISpm decoded markedly less well (0.096 top-1, 0.221 top-5).
A neuron-subsampling analysis showed the VISp advantage was not a consequence of its larger
population: at a matched count of 128 neurons, VISp still reached 0.159 ± 0.004 top-1 versus
VISpm’s 0.096, a difference of +0.064 that placed VISpm 15.5 standard deviations below the
VISp subsampled distribution. These results, together with per-trial predictions and reproducible
code, indicate that VISp maintains a more detailed and robust population representation of
natural-scene identity than the higher visual area VISpm under matched recording conditions.

Keywords: two-photon calcium imaging; natural scenes; population decoding; mouse visual cortex;
VISp; VISpm; Allen Brain Observatory; cross-validation; ridge classifier.

1 Introduction

The mammalian visual cortex confronts a formidable inference problem: from the spatiotemporal
pattern of light falling on the retina it must construct stable, behaviourally useful representations
of objects, surfaces and scenes. Decades of work in cats, primates and, increasingly, rodents have
established that this computation is distributed across a hierarchy of cortical areas, each emphasizing
different features of the visual input [1, 2]. The mouse has become a central model for dissecting
this hierarchy because it combines a tractable, retinotopically organized set of visual areas with
a genetic toolkit that permits chronic, cell-type-specific recording of large neuronal populations
[3, 4]. A recurring and still only partially resolved question is how the representation of naturalistic
visual input is reformatted as signals ascend from primary visual cortex (V1, area VISp) into the
constellation of higher visual areas (HVAs) that surround it. The present report addresses one
concrete facet of this question: how much information about the identity of a complex natural
scene can be read out from the population activity of VISp compared with a higher visual area, the
posteromedial area (VISpm), when the two are compared on equal footing.

1.1 The Allen Brain Observatory Visual Coding two-photon survey

Our analysis is built on the Allen Brain Observatory Visual Coding two-photon dataset, a large,
standardized in vivo survey of visually evoked activity in the mouse visual cortex [5, 6]. Motivated by
the argument that understanding cortical function at scale requires industrialized, quality-controlled
data collection rather than bespoke individual experiments [6], the Allen Institute imaged calcium
activity from tens of thousands of neurons across six visual areas, multiple cortical layers and a
panel of transgenic Cre lines, all under a fixed battery of visual stimuli. The stimulus battery
includes drifting and static gratings, locally sparse noise, natural movies, and—critical for the
present work—a set of 118 natural-scene photographs, each presented for 250 ms and repeated 50
times in randomized order. The resulting resource has become a benchmark for testing theories
of visual coding and hierarchical processing precisely because its standardization makes cross-area
and cross-animal comparisons meaningful [5]. One of the survey’s headline observations is that the
largest functional class of neurons is not reliably driven by any single stimulus type, and that this
weakly responsive fraction grows in higher visual areas, hinting at a progressive change in the nature
of the visual code beyond V1 [5].

A structural feature of the two-photon dataset dictates the design of any cross-area study.

2



Each two-photon “experiment” (identified by an ophys_experiment_id) images a single field of
view: one mouse, at one cortical depth, in one visual area, during one session type. It is therefore
physically impossible to compare two areas within a single experiment; any VISp-versus-HVA
contrast must draw on two different experiments, and hence two different animals and sessions.
We embrace this constraint explicitly. To minimize the confounds that necessarily accompany a
between-animal comparison, we selected a VISp experiment and a VISpm experiment that share
the same Cre line (Cux2-CreERT2, labelling layer-2/3 and upper layer-4 excitatory neurons), the
same GCaMP6f reporter (Ai93), the same nominal imaging depth (175 µm), the same session type
(three_session_B, which contains the natural-scenes block), and the same stimulus set of 118
scenes each repeated 50 times. What remains uncontrolled—the identity of the individual mouse
and the particular imaging session—is stated openly and revisited in the Discussion.

1.2 GCaMP6 calcium imaging as a window on population activity

The signals we decode are relative fluorescence changes (∆F/F ) of the genetically encoded calcium
indicator GCaMP6f expressed in cortical excitatory neurons [4]. GCaMP6 indicators were a step
change in sensitivity: they reliably report single action potentials in favourable conditions and,
in their fast (“f”) variant, provide the kinetics needed to follow stimulus-locked responses at the
tens-of-Hz frame rates typical of resonant two-photon microscopy [4, 7]. The physics of two-photon
excitation—nonlinear absorption confined to a diffraction-limited focal volume—permits optical
sectioning and micron-scale resolution hundreds of micrometres deep in scattering tissue, at the cost
of a practical depth ceiling of roughly 450 µm that confines most survey imaging to the superficial
layers [8, 9]. Calcium fluorescence is, however, an indirect and temporally low-pass proxy for spiking:
the indicator integrates spikes over its binding and decay kinetics, so ∆F/F reflects a smoothed,
nonlinearly transformed version of the underlying firing rate [4, 10]. Successive generations of
indicators have improved linearity and speed [7, 11], and a substantial methodological literature
addresses the inference of spike rates from fluorescence [10]. For a decoding analysis these properties
matter chiefly because they bound the information available at the input: any accuracy we report is
a lower bound on the information present in the spike trains, filtered through the indicator and the
imaging pipeline. We therefore treat trial-averaged ∆F/F within a fixed post-stimulus window as a
conservative, well-defined feature and focus on relative comparisons between areas measured with
identical indicators and pipelines.

1.3 Functional organization of VISp and the higher visual areas

Mouse visual cortex comprises primary visual cortex (VISp) and roughly nine retinotopically defined
higher visual areas that tile the cortex around it [3, 12]. Anatomical tracing shows that these
areas are not a flat collection but are organized into candidate dorsal and ventral processing
streams, reminiscent—though not homologous—of the primate “where” and “what” pathways [1, 13].
Physiological surveys using both calcium imaging and dense electrophysiology have assigned the
areas a functional hierarchy, with VISp near its base and areas such as VISpm, AM and AL occupying
higher tiers [2, 14, 15]. The areas differ systematically in their spatiotemporal tuning: relative to
VISp, some lateral areas prefer higher temporal frequencies and faster motion, whereas medial areas
including the posteromedial area PM (VISpm) tend to prefer high spatial frequencies, low temporal
frequencies and small, slowly moving stimuli [2, 14]. Layer- and area-dependent differences in the
recruitment of inhibition further shape how signals are transformed along the hierarchy [16].

The posteromedial area VISpm is a useful test case for asking how scene information changes
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beyond V1. It sits above VISp in most hierarchy estimates [1, 15] and is generally assigned to the
medial group of areas whose tuning emphasizes fine spatial detail at low temporal frequency [14].
Two broad hypotheses bracket the possible outcomes of a scene-decoding comparison. Under a
“progressive abstraction” view, higher areas discard image-specific detail in favour of more invariant
or categorical features, which would tend to reduce the linear decodability of individual scene
identities in VISpm relative to VISp. Under an alternative “specialized re-encoding” view, a higher
area might retain or even sharpen information about the particular stimulus classes it is specialized
for, which could leave scene-identity decoding comparable across areas. Adjudicating between these
requires a decoding measurement made under matched conditions, including matched population
size—the central methodological commitment of this report.

1.4 Population decoding of natural scenes

Reading a stimulus identity out of neural population activity—population decoding—has become
a standard tool for quantifying how much, and what kind of, information a neural representation
makes explicit [17, 18]. In human neuroimaging, linear decoders can identify which natural image
or movie a participant viewed from distributed cortical activity [18, 19], and in rodents large-scale
calcium imaging has revealed that visual cortical population responses are high-dimensional and
carry rich stimulus information [17]. The choice of decoder is consequential. Linear decoders are
the workhorse of the field because a linear readout is biologically plausible—a downstream neuron
computes a weighted sum of its inputs—and because linear decodability provides a conservative,
interpretable measure of “explicit” information that does not credit the experimenter’s model with
nonlinear feats the brain may not perform [17, 20]. In the high-dimensional, few-trials-per-class
regime typical of imaging (here 118 classes with only 50 repeats each), regularization is essential
to control variance; ridge (L2) regularization, introduced for exactly this ill-conditioned regression
setting [21], is a natural and well-behaved choice. These considerations, together with efficiency at
the scale of the subsampling analysis, motivate the L2-regularized multiclass linear decoder used
here (Section 2).

A second, equally important consideration is the avoidance of information leakage between
training and test data. Because calcium signals are temporally autocorrelated and because any
preprocessing step that “sees” the test data can inflate accuracy, naive cross-validation can produce
optimistic, irreproducible results—a family of pitfalls extensively documented in systems neuroscience
and neuroimaging [22–24]. We therefore adopt a deliberately conservative pipeline in which all
standardization is fit inside each training fold and in which cross-validation folds are contiguous
blocks of time separated from the test block by a temporal embargo, guaranteeing zero overlap
between the response windows used for training and testing.

1.5 Aims and contributions

Within this framing, the report makes three contributions. First, we establish that natural-scene
identity is robustly linearly decodable from a single superficial VISp population, quantifying accuracy
against the 1/118 chance level with both top-1 and top-5 metrics and characterizing how accuracy
grows as neurons are added. Second, we perform a like-for-like comparison of VISp and VISpm at a
matched neuron count, explicitly acknowledging that the two recordings come from different mice
and sessions, and quantify the accuracy difference and its statistical reliability. Third, we release
per-trial predictions and the complete, leak-free analysis code, so that every reported number is
reproducible from the public Allen data. The remainder of the report details the data and methods
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(Section 2), presents the decoding results (Section 3), and interprets their biological significance and
limitations (Section 4).

2 Methods

2.1 Dataset, experiment selection and as-of date

All data were obtained from the Allen Brain Observatory Visual Coding two-photon dataset via the
AllenSDK (version 2.16.2) [5, 25]. Data were downloaded and cached from the Allen Institute release,
and all experiment-selection queries and downloads were finalized as of 2026-07-11 (UTC); the
manifest and metadata records generated on that date accompany the code. Two three_session_B
experiments—the session type that contains the natural-scenes block—were selected (Table 1).
The primary visual cortex experiment was ophys_experiment_id 501794235 (experiment container
511507650, VISp, 152 neurons, specimen 222424), and the higher-visual-area experiment was
ophys_experiment_id 503772253 (experiment container 511510822, VISpm, 128 neurons, specimen
225037). The two experiments were deliberately matched on every controllable acquisition variable:
both used the Cux2-CreERT2 driver with the Ai93(TITL-GCaMP6f) reporter, were imaged at
175 µm depth with 910 nm excitation over a 400 × 400 µm field of view, were recorded from male
mice of closely matched age (107 vs. 103 d), and presented the identical natural-scenes stimulus
(118 unique scenes, 50 repeats each, plus 50 blank sweeps; 5900 image trials per experiment).
The two experiments necessarily come from different mice and different sessions; this
between-animal design is an unavoidable consequence of the single-area-per-experiment structure of
the dataset and is treated as a limitation (Section 4.4).

Table 1: Selected two-photon experiments. Both are three_session_B sessions matched for genetics,
reporter, depth and stimulus; they differ in specimen (mouse) and session, as required by the single-area-
per-experiment structure of the dataset.

Property VISp (primary) VISpm (higher)

ophys_experiment_id 501794235 503772253
Experiment container ID 511507650 511510822
Targeted structure VISp VISpm
Specimen (mouse) 222424 225037
Cre line Cux2-CreERT2 Cux2-CreERT2
Reporter Ai93 (GCaMP6f) Ai93 (GCaMP6f)
Imaging depth 175 µm 175 µm
Session type three_session_B three_session_B
Neurons (N) 152 128
Natural-scene trials 5900 (118×50) 5900 (118×50)

2.2 Response-window feature extraction

For each experiment we aligned the per-neuron ∆F/F traces (as provided by the AllenSDK processing
pipeline) to the onset of every natural-scene presentation using the stimulus table. The imaging
frame rate, computed from the acquisition timestamps, was 30.1 Hz for both experiments. The
feature for a given trial and neuron was the mean ∆F/F over a fixed 0 ms to 500 ms post-stimulus
response window (15 imaging frames at 30.1 Hz), yielding one scalar per neuron per trial. This
produced a trial-by-neuron feature matrix of 5900 × 152 for VISp and 5900 × 128 for VISpm, with
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an integer label in {0, . . . , 117} giving the scene shown on each trial. The 50 blank sweeps were
excluded. No cells were dropped by the responsiveness filter in either experiment (0 of 152 and
0 of 128), so the full imaged populations were used. The window length of 500 ms was chosen to
span the 250 ms stimulus plus the slow decay of the GCaMP6f transient, capturing the bulk of the
evoked response while remaining short enough to avoid contamination from the following trial.

2.3 Leak-free cross-validation and standardization

We used a five-fold cross-validation scheme designed to eliminate temporal leakage (Figure 1).
Rather than shuffling trials at random—which, given the autocorrelation of calcium signals and the
block structure of the stimulus, can leak information across the train/test boundary [22, 24]—we
ordered the image trials in acquisition time and partitioned them into five contiguous temporal
blocks. Each fold used one block as the test set and the remaining four as the training set (a group
k-fold over temporal blocks). To ensure that no training trial’s response window could abut or
overlap a test trial’s window, we applied a 15-frame embargo: any training trial whose response
window fell within 15 frames (one full window length, ≈500 ms) of the test block’s temporal span
was purged. This guaranteed a minimum train–test gap of 16–17 frames and zero response-window
overlap, verified programmatically for every fold (0 overlaps in all 2 × 5 folds). Each test block
contained all 118 scene classes. Folds were constructed independently for each experiment from its
own acquisition timeline, because the two sessions have distinct temporal structure; the folds are
therefore not shared across areas, and no cross-experiment alignment was performed or implied.

Feature standardization was performed strictly within each fold to prevent leakage of test-set
statistics into preprocessing. For every fold we fit a StandardScaler (per-neuron z-scoring) on the
raw mean-∆F/F features of the training trials only, then applied that fixed transform to both the
training and the test trials. No statistic computed on the test data ever influenced the model or its
preprocessing.

Figure 1: Leak-free temporal-block cross-validation. Natural-scene trials are ordered in acquisition
time and split into five contiguous blocks. Each fold tests on one block and trains on the other four; a
15-frame embargo (hatched gaps) purges training trials adjacent to the test block, guaranteeing zero
overlap between the 0 ms to 500 ms response windows used for training and testing. Within-fold z-scoring
(fit on training trials only) completes the leak-free pipeline.
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2.4 L2-regularized multiclass linear decoder

The decoder was an L2-regularized multiclass linear classifier implemented as RidgeClassifierCV
in scikit-learn [21, 26]. This model performs ridge regression of the standardized population features
onto a one-hot encoding of the 118 scene classes and assigns each test trial to the class with the
highest decision score. It is a canonical population decoder for the high-class-count, modest-trials-
per-class regime, and on a benchmark of this dataset it both decoded more accurately and ran
roughly two orders of magnitude faster than a multinomial logistic-regression or linear-SVM decoder,
which made the many-fit subsampling analysis tractable. The regularization strength α was selected
inside each training fold by efficient leave-one-out generalized cross-validation over a wide grid,
α ∈ {10−1, 100, . . . , 106}. The grid was intentionally extended upward until the selected α was
interior rather than at a boundary: the optimum was α = 103 for VISp and α = 104 for VISpm in
every fold, confirming that the regularization was genuinely cross-validated rather than grid-capped.
Because α selection uses only training trials, it introduces no leakage.

Two accuracy metrics were computed. Top-1 accuracy is the fraction of test trials whose highest-
scoring class equals the true scene. Top-5 accuracy is the fraction of test trials for which the true
scene is among the five highest-scoring classes. Both are reported as the mean ± standard deviation
across the five folds, and pooled across all 5900 test predictions for the exact statistical tests
below. For the per-trial export we additionally converted the decision scores to softmax-normalized
confidence values; these are documented as confidences rather than calibrated probabilities, because
a ridge classifier does not output a proper posterior.

2.5 Neuron-subsampling curve and matched-count comparison

To characterize how decoding scales with population size and to enable a fair cross-area comparison,
we subsampled the VISp population. For each target count n ∈ {10, 20, 30, 50, 80, 100, 120, 128, 152}
we drew 10 random neuron subsets (without replacement) and, for each subset, ran the full leak-free
cross-validation pipeline, recording the mean top-1 and top-5 accuracy across folds. We report the
mean and standard deviation across the 10 repetitions; the n = 152 point is the full population (a
single deterministic run). Random subset selection used a fixed seed for reproducibility.

The cross-area comparison was made at a matched neuron count of n = 128, the size of the
smaller (VISpm) population. VISp accuracy at 128 neurons was taken from the subsampling analysis
(10 random 128-neuron subsets of the 152-neuron VISp population), and VISpm accuracy was its
full-population value (128 neurons). We report the difference in mean top-1 accuracy and, to express
the size of the gap relative to the sampling variability of the VISp estimate, the z-score of the
VISpm point estimate within the distribution of the 10 VISp 128-neuron subsamples.

2.6 Statistical analysis

Decoding accuracy was compared to the 1/118 = 0.008475 chance level in two complementary ways.
First, a one-sample t-test of the five per-fold top-1 accuracies against chance provided a conservative,
fold-level test with an accompanying Cohen’s d effect size and a 95% confidence interval on the
mean fold accuracy. Second, because five folds provide little power, an exact binomial test on the
pooled predictions (number of correct trials out of 5900) against p0 = 1/118 provided a high-powered
confirmation. The matched-count cross-area difference was assessed with a one-sample t-test of the
10 VISp 128-neuron subsample accuracies against the VISpm point estimate, and summarized by
the z-score described above. All analyses used a fixed random seed (42) and are reproducible with
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the released code.

3 Results

3.1 Natural-scene identity is robustly decodable from VISp

A single superficial VISp population of 152 neurons decoded which of the 118 natural scenes was
presented on a held-out trial far above chance. Averaged over the five leak-free temporal folds, top-1
accuracy was 0.178 ± 0.016 and top-5 accuracy was 0.394 ± 0.023 (mean ± SD; Table 2). Against
the 1/118 chance level of 0.008 475, these correspond to roughly 21× and 46× chance, respectively.
The effect was overwhelmingly significant by both tests: the fold-level one-sample t-test gave
t4 = 23.5 (p = 2.0 × 10−5, two-sided; Cohen’s d = 10.5), and the exact binomial test on the pooled
1050/5900 correct predictions gave p ≈ 0. In practical terms, from half a second of calcium activity
in roughly 150 layer-2/3 neurons one can identify a specific photograph out of 118 on nearly one in
five trials, and place it in a shortlist of five on nearly two in five trials.

The structure of the errors reinforces this picture. The VISp confusion matrix (Figure 3, left)
shows a pronounced diagonal—correct predictions concentrated along the true-equals-predicted
line—superimposed on a diffuse, largely unstructured background of errors, indicating that when the
decoder is wrong it is not systematically confusing particular scene pairs but rather failing to reach
threshold. Decodability was, however, far from uniform across scenes (Figure 4). Per-scene top-1
accuracy ranged from near zero to above 0.6: 81% of the 118 scenes were decoded above chance and
25 scenes exceeded 0.3 top-1 accuracy, while a minority of scenes were essentially indecodable from
this population. This heterogeneity is expected if scenes differ in how strongly and reproducibly
they drive the imaged neurons.

Table 2: Full-population decoding performance for the 118-way natural-scene task. Chance = 1/118 =
0.008475. Values are mean ± SD across five leak-free temporal folds; the pooled binomial test uses all
5900 test predictions.

Area N Top-1 Top-5 Top-1 / chance Binomial p

VISp 152 0.178 ± 0.016 0.394 ± 0.023 ∼21× ≈ 0
VISpm 128 0.096 ± 0.004 0.221 ± 0.015 ∼11× ≈ 0

3.2 Decoding accuracy grows monotonically with population size

The VISp neuron-subsampling analysis (Figure 2A) revealed a smooth, strictly monotonic increase of
decoding accuracy with the number of neurons, with no sign of saturation up to the full population.
Mean top-1 accuracy rose from 0.033±0.005 at 10 neurons, through 0.091±0.009 at 50, 0.141±0.006
at 100 and 0.159 ± 0.004 at 128, to 0.178 at the full 152 neurons; top-5 accuracy rose in parallel
from 0.103 to 0.394 (Table 3). The curve is concave but still climbing at 152 neurons, implying that
these superficial VISp populations have not exhausted their scene-identity information at ∼150 cells
and that larger populations would decode still better. The tightness of the error bars (SD ≤ 0.009
top-1 across the 10 subsamples at every count) shows that accuracy depends mainly on the number
of neurons rather than on which particular neurons are chosen.

8



Table 3: VISp neuron-subsampling curve. Mean ± SD across 10 random neuron subsets per count (the
n = 152 point is the full population, a single run).

n neurons 10 20 30 50 80 100 120 128 152

Top-1 0.033 0.053 0.063 0.091 0.126 0.141 0.155 0.159 0.178
±SD 0.005 0.007 0.004 0.009 0.009 0.006 0.004 0.004 –
Top-5 0.103 0.150 0.174 0.227 0.297 0.331 0.355 0.364 0.394
±SD 0.016 0.013 0.007 0.006 0.017 0.010 0.008 0.008 –

3.3 VISp outperforms VISpm, and not merely because it has more neurons

At full population, VISpm (128 neurons) decoded scene identity substantially less well than VISp:
top-1 accuracy was 0.096 ± 0.004 and top-5 was 0.221 ± 0.015 (Table 2). This is still far above
chance (∼11×; pooled 564/5900 correct, binomial p ≈ 0; fold-level t4 = 44.9, p = 1.5×10−6, Cohen’s
d = 20.1), so VISpm clearly carries decodable scene information—but roughly half as much, by
top-1 accuracy, as VISp’s full population.

Because VISp had more neurons (152 vs. 128), a fair comparison must control for population
size. The matched-count analysis at 128 neurons does exactly this (Figure 2B). Subsampled to
128 neurons, VISp still achieved 0.159 ± 0.004 top-1 accuracy versus VISpm’s 0.096—a difference
of +0.064 top-1 (and +0.143 top-5) in favour of VISp. The gap is large relative to the sampling
variability of the VISp estimate: the VISpm value lies 15.5 standard deviations below the mean
of the VISp 128-neuron subsample distribution, and a one-sample t-test of the 10 VISp subsamples
against the VISpm point estimate was unambiguous (t9 = 48.9, p = 3.1 × 10−12). Equivalently,
reading off the subsampling curve, VISpm’s full 128-neuron accuracy (0.096) is matched by a VISp
subpopulation of only about 50–55 neurons—less than half as many cells. The VISp advantage in
scene decoding is therefore not an artefact of its larger population; at matched neuron count VISp
remains markedly more informative about which natural scene was presented.

The confusion matrices make the difference visible at the level of individual scenes (Figure 3):
VISpm’s diagonal is visibly fainter and sparser than VISp’s, with fewer scenes reaching high per-scene
accuracy (13 scenes above 0.3 top-1 versus 25 for VISp; 58% versus 81% of scenes above chance;
Figure 4). Both areas show the same qualitative error structure—a diagonal over diffuse noise—but
VISp’s representation supports correct read-out for roughly twice as many scenes.
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Figure 2: Decoding performance summary. (A) VISp neuron-subsampling curve: mean top-1
(blue) and top-5 (orange) decoding accuracy versus the number of subsampled VISp neurons (mean ± SD
over 10 random subsets per count). The dashed line is the 1/118 chance level; the dotted vertical line
marks the 128-neuron matched count. Accuracy rises smoothly and monotonically with no saturation.
(B) Matched-count area comparison: top-1 and top-5 accuracy for VISp subsampled to 128 neurons,
VISpm at its full 128 neurons, and VISp at its full 152 neurons. At the matched count VISp exceeds
VISpm by +0.064 top-1.

Figure 3: Confusion matrices for 118-way natural-scene decoding (row-normalized, pooled over
all five test folds). Rows are true scenes, columns predicted scenes; brightness encodes P (predicted | true).
VISp (left) shows a stronger, denser diagonal than VISpm (right), consistent with its higher top-1 accuracy.
Off-diagonal errors are diffuse in both areas, indicating no systematic confusion between particular scene
pairs.
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Figure 4: Scene-by-scene decodability. (A) Distribution of per-scene top-1 accuracy for VISp
(blue) and VISpm (orange); dashed line marks chance. A large fraction of scenes cluster near chance
in both areas, but VISp has a heavier right tail of well-decoded scenes. (B) Per-scene accuracy sorted
by VISp decodability (blue), with VISpm shown in the same scene order (orange). VISp decodes more
scenes, and decodes its best scenes more accurately, than VISpm.

3.4 Per-trial predictions and reproducibility

For full transparency the analysis exports per-trial predictions for both areas (predictions_visp.csv
and predictions_vispm.csv), each with 5900 rows—one per image trial across all five held-out
test folds. Each row records the fold, the trial index, the true scene, the predicted (top-1) scene,
binary top-1 and top-5 correctness flags, the top-5 predicted scene IDs, and the softmax-normalized
decoder confidence for the predicted and true classes. The complete decoding pipeline (feature
loading, within-fold standardization, ridge-classifier fitting with interior α selection, subsampling
and statistics) and the figure-generation code are released alongside the machine- readable results
(decoding_results.json), so that every quantity in this report can be regenerated from the public
Allen data.

4 Discussion

4.1 Summary of findings

Using a deliberately leak-free decoding pipeline on the Allen Brain Observatory two-photon dataset,
we found that the identity of a natural scene, drawn from a set of 118, is robustly linearly decodable
from a single superficial VISp population: 17.8% top-1 and 39.4% top-5 accuracy from 152 neurons,
more than an order of magnitude above chance. Decoding accuracy grew smoothly and without
saturation as neurons were added, indicating that even ∼150 layer-2/3 cells do not exhaust the
scene information available in VISp. Critically, when VISp and the higher visual area VISpm were
compared at a matched population of 128 neurons—the fair comparison demanded by the fact
that the two areas were imaged in different mice—VISp retained a substantial and highly reliable
advantage (0.159 vs. 0.096 top-1, +0.064; VISpm 15.5 SD below the VISp subsample distribution).
The VISp advantage is therefore a property of the representation, not of the sample size.
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4.2 Biological interpretation

The most parsimonious interpretation is that primary visual cortex maintains a more detailed,
higher-fidelity population representation of individual natural-scene identities than the posteromedial
higher visual area VISpm, at least as read out by a linear decoder from superficial excitatory neurons.
This is consistent with the broader picture emerging from the Allen surveys and from anatomy: VISp
sits at the base of the visual hierarchy and receives the most direct, retinotopically precise thalamic
input, whereas higher areas such as VISpm occupy higher hierarchical tiers and are specialized for
particular spatiotemporal feature regimes rather than for veridical image representation [1, 14, 15].
Our result aligns naturally with the “progressive abstraction” hypothesis outlined in the Introduction:
as signals ascend beyond V1, the linear decodability of specific image identities falls, plausibly
because higher areas re-encode the input in terms of behaviourally relevant features (motion, spatial
scale, ethological categories) that discard some of the image-specific detail needed to distinguish one
photograph from another. It also resonates with the Allen survey’s observation that the weakly
stimulus-driven fraction of neurons grows in higher areas [5]: if fewer VISpm neurons respond
reliably to any given scene, fewer informative dimensions are available to a decoder, which is
exactly the signature we observe in the fainter VISpm confusion diagonal and the smaller fraction
of well-decoded scenes.

VISpm’s tuning profile offers a complementary account. Medial higher areas, including PM,
are biased toward high spatial frequencies and low temporal frequencies and toward small, slow
stimuli [2, 14]. A diverse set of natural photographs spans a wide range of spatial-frequency content
and does not selectively engage this narrow preferred regime, so a VISpm population may respond
informatively to only the subset of scenes that match its tuning—consistent with the sparser set of
well-decoded scenes we find in VISpm. Under this view, the cross-area gap reflects not a global loss
of information but a narrowing of the stimulus space over which the area carries explicit information.
Importantly, our finding that VISpm still decodes at ∼11× chance shows that scene information is
far from abolished beyond V1; it is attenuated, and re-formatted, rather than erased.

We emphasize what our measure does and does not establish. Linear decodability is a measure of
explicit, linearly accessible information—the kind a downstream neuron could read with a weighted
sum [17, 20]. A lower linear-decoding accuracy in VISpm does not imply that VISpm contains less
information in an absolute (e.g. nonlinear or information-theoretic) sense; it could in principle hold
comparable information in a format that a linear read-out cannot access. What the result does
establish is that, for the biologically plausible and widely used class of linear read-outs, VISp makes
scene identity more explicit than VISpm under matched conditions.

4.3 Relation to prior work

Our numbers sit comfortably within the literature on visual population decoding. That linear
decoders can identify specific natural images or movies from distributed visual activity is well
established in human neuroimaging [18, 19], and large-scale mouse imaging has shown that visual
cortical populations carry high-dimensional, richly informative stimulus representations [17]. The
monotonic, non-saturating growth of accuracy with neuron count that we observe is the expected
behaviour when additional neurons contribute partly independent information, and mirrors the high
embedding dimensionality reported for mouse V1 responses to large image sets [17]. Our methodolog-
ical posture—within-fold standardization and temporally embargoed block cross-validation—follows
explicit warnings in the systems-neuroscience and neuroimaging methods literature about circular
analysis and leakage-inflated accuracy [22–24], and we regard the resulting numbers as conservative
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but trustworthy.

4.4 Limitations

Several limitations temper the interpretation. First and most importantly, the comparison is between
two experiments and therefore between two mice and two sessions: the single-area-per-experiment
structure of the two-photon dataset makes a within-animal cross-area contrast impossible. We
mitigated this by matching Cre line, reporter, imaging depth, session type, age and stimulus, but we
cannot exclude that some of the VISp–VISpm difference reflects animal-specific factors (expression
level, behavioural state, imaging quality) rather than area identity per se. A definitive test would
aggregate many experiments per area, or use a modality (e.g. Neuropixels) that records multiple
areas simultaneously [15]; the present two-experiment design should be read as a rigorous case
study rather than a population-level estimate of the area effect. Second, the signal is GCaMP6f
fluorescence, a slow, nonlinear proxy for spiking [4, 10]; our accuracies are lower bounds on the
information in the underlying spike trains, and indicator or expression differences between the two
mice are a possible (though depth- and line-matched) confound. Third, the analysis is restricted
to superficial (layer-2/3) excitatory neurons at a single depth, so it does not speak to laminar
differences or to inhibitory populations [16]. Fourth, we used trial-averaged mean ∆F/F in a
single fixed window and a purely linear decoder; a temporally resolved feature, a peak-aligned
window, or a nonlinear decoder might recover more information and could in principle narrow or
widen the cross-area gap. Finally, the natural-scene set, while diverse, is a particular sample of 118
photographs, and the per-scene heterogeneity we observe cautions against over-generalizing to all
natural images.

4.5 Future directions

Several extensions follow directly. Scaling the comparison to the full Allen cohort—many VISp and
VISpm experiments, and additional higher areas such as VISl, VISal and VISam—would convert
this case study into a statistically powered map of how natural-scene decodability varies across
the mouse visual hierarchy, with per-area variability properly estimated. Simultaneous multi-area
electrophysiology would remove the between-animal confound entirely [15]. On the analysis side,
a peak-aligned or multi-frame response feature, spike-rate inference before decoding [10], and
comparison of linear against nonlinear or deep-network decoders [27] would clarify how much of
the cross-area gap is intrinsic to the representation versus imposed by our conservative feature and
read-out choices. Relating per-scene decodability to image statistics—spatial-frequency content,
contrast, semantic category—could test the specific prediction that VISpm preferentially represents
the subset of scenes matching its spatiotemporal tuning [2, 28, 29]. Together these directions would
sharpen the central conclusion of this report: that under matched conditions, primary visual cortex
represents the identity of a natural scene more explicitly and more robustly than the higher visual
area VISpm.

Data and code availability

The primary data are openly available from the Allen Brain Observatory Visual Coding two-photon
dataset via the AllenSDK [5, 25] (experiments 501794235 and 503772253; accessed as of 2026-07-11).
The decoding and figure-generation code, the machine-readable results (decoding_results.json),
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and the per-trial prediction tables (predictions_visp.csv, predictions_vispm.csv) accompany
this report.
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