V1 neurons track the rate-of-change of behavioral variables
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Abstract

Population-level neuronal dynamics across the brain are shaped by behavioral state variables,
such as running speed or pupil area. Given this real-time integration of state variables within
sensory networks, we hypothesized that neurons also track their rate-of-change, providing
additional valuable information about fluctuations in behavioral state. We demonstrate that both
state variables and their rate-of-change (first temporal derivatives) can be decoded from
population-level activity in mouse primary visual cortex (V1), during both spontaneous behavior
and sensory stimulation. This parallel encoding regime relies on partially-overlapping neural
populations, with some neurons encoding behavioral state, its rate-of-change, or both. Our
findings suggest that neural activity within a primary sensory region not only represents an

animal’s current behavioral state, but also tracks its immediate fluctuations.



Introduction

Adaptive behavior requires sensory cortical networks to act as precise detectors, continuously
monitoring and adapting their activity to internal and external information. Physiological
recordings from sensory cortical networks across species have demonstrated that the underlying
networks encode both self-motion and external sensory variables even in early sensory regions.
For instance, middle temporal area (MT) in monkeys and mouse primary visual cortex (V1)
activity in mice are modulated by behavioral state, with neuronal populations encoding running
speed (Traschiitz et al., 2015, Avitan et al., 2021; Stringer et al., 2019, 2021). Beyond
locomotion, recent work has shown that the rate-of-change of arousal-related variables, like pupil
dilation, can actively modulate sensory processing in mouse V1 according to behavioral
demands (Franke et al., 2022). In order to expand on those priors across variables and contexts,
we sought to understand how rate-of-change of self-motion and external stimulus-related
variables could be represented in sensory networks, using large-scale neuronal population
dynamics from mouse V1 in spontaneous or evoked conditions. Our findings indicate a mixed
encoding regime, where neural activity captures both absolute behavioral states and their relative

change.


https://www.zotero.org/google-docs/?eZ0tXN

Results

To investigate how behavioral variables are encoded in the sensory cortex, we analyzed
large-scale V1 population recordings in spontaneous (Stringer et al., 2019) and evoked
conditions (Stringer et al., 2021; Fig. 1A). The datasets included behavioral state variables (e.g.,
pupil area, running speed) and stimulus features in the evoked condition (grating angle 0).
Additionally, we computed their corresponding rate-of-change variables (e.g., pupil dilation,

acceleration, the absolute angle difference (A0) and its logarithmic ratio log(A6/9)).

By applying dimensionality reduction techniques (UMAP, PCA), we observed that both state and
rate-of-change variables contributed to the neural manifold structure (Fig. 1B, SFI1-2).
Specifically, color-coding these representations as a function of most variables revealed clear
clustering patterns, indicating encoding of both state and rate-of-change information. Similar
patterns persisted in the evoked dataset, except for the case of AO and log(A6/8), with no evident

structure in the dimensions shown (Fig. S2).

Driven by these indications and to further leverage the advantages of dimensionality reduction
(such as noise reduction, improved signal-to-noise ratio, and reduced risk of overfitting in
decoding), we extracted functional assemblies from the data referred to as ‘superneurons’, using

non-negative matrix factorization (NMF) and Gaussian mixture models (GMM) (Fig. 1C, SF3).

Next, using single neurons or superneurons, we performed a correlation analysis that revealed
significant linear relationships between neural activity and several behavioral variables of
interest (Fig. 1D, SF3). For example, in the evoked dataset, specific superneurons correlated with

either state or rate of change variables or both (speed/acceleration, NMF6/NMF5), but also



stimulus variables alone (6, NMF21) or along behavioral variables (e.g., NMF19), suggesting

functional diversity and mixed encoding.

To further investigate the nature of these encoding, we next trained linear decoders (Ridge
regression) to predict the target variables (Fig. 1E, SF4) from either the superneurons or all of the
individual neurons. The linear decoders effectively reconstructed both state (e.g., pupil position,
R? = 0.86) and rate-of-change variables (e.g., pupil velocity, R> = 0.75), across datasets.
Prediction output indicated that superneurons often approximated single-neuron predictions,

particularly in the spontaneous dataset (Fig. 1F).

Isolating the highest weight neurons for the prediction revealed that the substrate of this
decoding is a partially-overlapping population of mixed-selectivity and specialized neurons (Fig.
1G, SF5). In the example shown, approximately 10% of neurons were orientation-selective,
50-60% encoded speed, while 32.2% of those involved in both speed and acceleration further

validating the presence of mixed encoding.

Although our linear regression models were unable to effectively predict the change in stimulus
A0, to further investigate whether stimulus change could be captured in the network at least at a
coarse level, we trained a logistic regression classifier to predict A0 classes binned per 30°. The
model achieved 47% accuracy (Fig. 1H, chance = 33%) implying a non-additive, yet still

linearly separable, representation of angular stimulus change.

Finally, to assess whether non-linear decoders could better predict state or rate-of-change
variables, we trained non-linear models (Transformer Autoencoders and CNN-LSTM
architectures, Fig. 11, S6). Notably, log(A0/0) was predicted with high accuracy from GMM

superneurons (R? = 0.63; Fig. 11, SF6), while acceleration remained poorly predicted, which may



be due to overfitting of these more complex architectures. These findings reveal that non-linear

models are critical for decoding certain types of stimulus change-related variables.

Figure 1

A: Example neural traces and behavioral variables.

B: Projection of spontaneous activity in UMAP space.

C: Superneuron computation.

D. Example of correlation analysis outputs using NMFs superneurons (*: p<0.05, **: p<0.01,

% p<0.001).

E: Linear decoder predictions (cross-validated, R? on test set)

F: Comparison of linear decoder predictions across variables.

G: Mixed-encoding: Venn diagrams (%)

H: Logistic regression: Confusion matrix (%, TP in diagonal).

I: Comparison of non-linear decoder predictions across variables.



Discussion

State and rate-of change variables are linearly encoded within V1

Projecting population activity into a low-dimensional space revealed that both state and
rate-of-change variables are clearly organized in the embeddings. Interestingly, A0 and log(A6/6)
showed no evident patterns in PCA or UMAP latent spaces (S1). However, given that we could
decode these variables (Fig 11), we hypothesize that structure may arise in further dimensions
than the first two principal components that we plotted. Furthermore, our superneurons were
significantly correlated with both self-motion-related state and rate-of-change variables in both
spontaneous and evoked conditions, agreeing with previous studies which showed that cortical
neurons form distinct, behavior-specific co-active assemblies (Okun et al., 2019). Indeed, linear
decoders accurately predicted the variables of interest, indicating that V1 keeps track not only of
its current self-motion status, but also its instantaneous change, largely in a linear way (Fig. 1E,
1F). We hypothesize this tracking could help V1 efficiently integrate recent temporal aspects of
self-motion variables and enable informed reactions for the next timepoints (Viskaitis et al,
2024). Interestingly, decoding was high for horizontal pupil position and pupil motion speed,
highlighting the value of saccadic eye-movements for sensory processing. The importance of
saccades that act as rapid sampling events is supported by previous studies that show they help
disambiguate self-generated from externally-generated motion and relate self-motion with visual
inputs (Leinweber et al., 2017). Notably, decoding performance for acceleration was markedly
higher in the evoked scenario. This could reflect enhanced precision and reduced variability and
thus, noise of neural responses in the presence of salient stimuli that could subsequently improve
decodability. These results support previous studies that showed that external stimuli and

self-motion signals can jointly enhance neural representations in sensory cortices (Christensen et



al., 2022, Musall et al., 2019). Besides self-motion, V1 also encoded relative change in external
stimulus, as logistic decoders predicted the relative change in stimulus angle, suggesting linear
encoding, but in a non-additive way (Fig 1H). This finding supports previous studies
demonstrating that stimulus change, like relative contrast or luminance shifts, directly affect
sensory representations (Ghodrati et al., 2019). Notably, we could not identify a linear
relationship between neural data and stimulus change (A0), suggesting potential non-linear

relationships (Jin et al., 2019).

Mixed-selectivity in the encoding of state and rate-of-change variables

We uncovered a parallel pathway of information processing, with specialized and
mixed-selectivity neurons coexisting within V1, suggesting that subsets of neurons focus on
tracking specific behavioral aspects, while others hold an integrative role. In detail, we identify
approximately 10% of orientation specific neurons, while speed and acceleration involve many
more — approximately 40% and 60% respectively, out of which 32.2% display mixed-selectivity,
contributing to all three variables. Our results are consistent with previous findings, where
approximately 50% of V1 neurons are positively or negatively modulated by locomotion
(Mineault, 2016, Erisken et al., 2014, Niell & Stryker, 2008). Importantly, mixed-selectivity and
integrative coding could offer V1 a strategy to maximize its computational power for flexible
behavior, by adding functional versatility to individual neurons, as reported in previous studies

(Tye et al., 2024, Rigotti et al., 2013).
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Non-linear decoders capture stimulus change better

Due to previous indications of non-linearity, we went on to decode using a non-linear decoder
(Figure 11 and S6). Out of the models tested, a CNN-LSTM could predict the log(A6/0)
(R?=0.63) from GMM superneurons, indicating that neural activity scales nonlinearly and not
linearly as we initially supposed, as a function of angle change. Overall, further building on the
logistic regression outputs, the CNN-LSTM model captures angle change, suggesting the
rate-of-change encoding extends to external stimuli. While CNN-LSTMs can model both linear
and nonlinear dynamics, their poor performance on acceleration may reflect overfitting due to

unnecessary complexity for a simpler, possibly linear relationship.

Implications for sensory information processing

Our study indicates that neurons can track rate-of-change in mouse V1, mapping both behavioral
state variables and their instantaneous dynamic change over time. This finding extends our
understanding on how sensory networks process different aspects of internally and

externally-generated motion variables.
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