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Figure 1: a, Experimental setup. b, Go-NoGo visual discrimination task stimuli with training and
testing schedule. c, Population response map of the recorded V1 population on D1 for the Go
stimulus. d, Population response profile averaged over time for trained and untrained (naive) mice.
e, Cartoon of VAE (top) and TAVAE (bottom) models. The TAVAE generative model component
of VAE (pale orange) is reused in TAVAE whereas the recognition model of VAE (dark orange) is
transformed through reweighing the variational posterior with the task-prior (Eq. 3). f, Illustration
of the posterior of two latent dimensions; inset: receptive fields of latents. g, Task prior of TAVAE
for the discrimination task. Scale of the Laplace prior is shown. h, TAVAE responses to the Go
stimulus with task (green) and natural priors (blue).

VAE model of V1. To be able to test the predictions of task-related contextual priors in biological
recordings, we first built a VAE end-to-end trained on natural images that reflected basic properties
of V1. In our study we take a normative approach by seeking correspondence between a generative
model of a task-adapted model V1 and neural recordings from V1. This way, optimization is based
jointly on natural image statistics and task structure but not on neural recordings.

Latent variables, z, of the generative model were identified with neurons of V1. This is motivated
by the similarity of learned representations to the sensitivities of neurons in V1 (Geadah et al., 2024;
Catoni et al., 2024; Olshausen & Field, 1996). Before specifying the model, we elaborate on the
correspondence between the VAE and neural activity. Upon presenting an image, the VAE returns
a variational posterior. Many early accounts identified neuronal responses with the MAP estimate
(Olshausen & Field, 1996; Schwartz & Simoncelli, 2001), which was justified by the fact that neural
recordings report response means. Alternatively, the responses of neurons can be identified with
a sampling approximation of the posterior, which assumes that temporal variations in responses
correspond to sample variance from the posterior (Hoyer & Hyvärinen, 2002; Orbán et al., 2016;
Echeveste et al., 2020; Festa et al., 2021; Shrinivasan et al., 2023). We do not commit to a particular
representation at this point, but distinguishing the two can be the subject of later investigations.

We trained a VAE on natural image patches. These patches were 40-pixel whitened crops from
the van Hateren database (Van Hateren & van der Schaaf, 1998). The VAE had four characteristic
features. 1, Following an earlier VAE study (Geadah et al., 2024), the generative model was linear,
analogous to independent component accounts of V1 organization (Olshausen & Field, 1996); 2,
The latent space was large dimensional (1799 dimensions) mimicking the complete / overcomplete
structure of V1 and ensuring that the linear generative model can accommodate the information in
the observations; 3, The prior over latents was Laplace, motivated by efficient coding considerations,
and also aligned with earlier accounts (Olshausen & Field, 1996). This condition is necessary to
match the latents of the VAE with V1 neurons as this ensures learning Gabor-like receptive fields,
a key property of V1 neurons (Csikor et al., 2022); 4, A scaling latent was introduced, mimicking
the Gaussian Scale Mixture (GSM) family of models of natural images (Wainwright & Simoncelli,
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Detailed results in the paper!


