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Analogy between ANNs and the ventral stream in mammals
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Herzog, M. H. & Clarke, A. M. Why vision is not both hierarchical and
feedforward. Frontiers in computational neuroscience 8, 135 (2014)
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Section 1

Sparse Deep Predictive Coding
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Olshausen, B. A. & Field, D. J. Sparse coding with an overcomplete basis
set: A strategy employed by V17 Vision research 37, 3311-3325 (1997)
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Sparse Coding

5
2
UARBRWEEEONME
N (7 (D I 22 N IO =5
S5 TN B o == B S 0 L
SLA L LA =
EESll-FANBRERE

Olshausen, B. A. & Field, D. J. Sparse coding with an overcomplete basis
set: A strategy employed by V17 Vision research 37, 3311-3325 (1997)




Predictive Coding

— Feedforward connections
— Recurrent connections

Feedback connections
Predictions are sent Prediction errors are
downstream Predictive sent upstream
moduler-\
| P At
U Error
units )
Lower level Higher level
cortical area . cortical area
Cortical area

Rao, R. P. & Ballard, D. H. Predictive coding in the visual cortex: a
functional interpretation of some extra-classical receptive-field effects.
Nature neuroscience 2, 79 (1999)
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Predictive Coding
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Rao, R. P. & Ballard, D. H. Predictive coding in the visual cortex: a
functional interpretation of some extra-classical receptive-field effects.
Nature neuroscience 2, 79 (1999)



Sparse Deep Predictive Coding
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Sparse Deep Predictive Coding
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Sparse Deep Predictive Coding
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Sparse Deep Predictive Coding
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Section 2

Properties of the predictive model of V1



SDPC and the Association Field
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Boutin, V. et al. Effect of top-down connections in Hierarchical Sparse

Coding. Neural Computation 32, 2279-23009.
doi:10.1162/neco_a_01325 (2020)
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SDPC and the Association Field
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Boutin, V. et al. Sparse deep predictive coding captures contour
integration capabilities of the early visual system. PLoS computational
biology 17, €1008629. doi:10.1371/journal.pcbi.1008629 (2021)
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Pooling in the visual cortex
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Franciosini, A. et al. Pooling in a predictive model of V1 explains
functional and structural diversity across species. bioRxiv.
doi:10.1101/2021.04.19.440444 (2021)
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Pooling in the visual cortex
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Franciosini, A. et al. Pooling in a predictive model of V1 explains
functional and structural diversity across species. bioRxiv.
doi:10.1101/2021.04.19.440444 (2021)
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Pooling in the visual cortex
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Section 3

Conclusion: the Predictive Field



Conclusion: the Predictive Field

» SDPC explains different properties of the primary visual cortex;
> |t explains functional and structural diversity across species;

» Lateral & feedback interactions play a crucial role in neural
computations.



Prospect: the Predictive Field
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Canonical microcircuit for generalized PC

Canonical microcircuit in Generalized
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Bastos, A. M. et al. Canonical microcircuits for predictive coding.
Neuron 76, 695-711 (2012)
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