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Large-scale architecture of the brain
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“Schematic” Action Potential

Left side
of brain
represents
right side
of body

Neurons are electrical circuit
elements. Computation from
chemical and physical dynamics
Brain is 2% of body weight, but
20% of metabolic load. 10x the

cost of muscle. But it only
expends ~20W!

Brain Power. PNAS 2021. VB

Computational function is
distributed across areas of the
brain and also within each area

Computation & memory are
embedded together in network
structure and activity




Brain areas are oraganized in interacting networks

External sensory input Path integration/movement

Information flow between areas of brain that perirhinal | [Postrhinal | [PrefPara:
° (superficial) [~ (superficial) | | SuPlcuium;
act cooperatively e — Soonas Retrosplenial
: y e : LEC (superficial MEC (superficial
Sensory input: Perirhinal and Postrhinal Conténtp ) Con,e(xtp )

Spatiotemporal framework | e—
Where am 17?

cortex 5 | Items and events
What is out there?

Where is it?

E : Pattern separation
subiculum; Retrosplenial cortex G P e
Location and navigation: Entorhinal CA31 i E

Where am | going?

Movement input: Pre- and para- DG

cortex & Hippocampus Autoassociation,

Attractor dynamics

CAf1 dlstal CA1 proximal

Cell Types: border cells, boundary vector proximal distal |~ 18
i G | =~ | |
cells, head direction cells, speed cells, S A RS e e e Y
. DG/CAS side loop combines V !
place cells, landmark cells, object vector | EC and MEC input streams Output loop back to deep EC
cells, egocentric cells, allocentric cells [Oicrealo ConItin SIS eRlesentaligns i IR i RIDEL sl L

of item + place (content + context)

(Knieirim, Current Biology)




Sy,

Hierarchical language model
@ Direct processing route

Modular language model
® Broca’s area for articulation
Geschwind’s area for concepts

@ Indirect processing route
@ Wernicke's area for comprehension

Integrative language model

Images: @ Motor speech production
de Schjtten @ Semantic processing
an
Forkel, @ Auditory speech comprehension
Science, @ Verbal working memory
2022 @ Inactive

O Active

Brain networks reorganize actively and flexibly

* Brain regions are
extensively connected by
nerve tracts

* These can be imaged and
measured

* The effective connectivity
changes depending on the
task

Function emerges from
effective patterns of
connectivity that reorganize
with each task.




Microcircuits are distributed and heterogeneous
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Structural heterogeneity supports computational and resource efficiency in the brain
(VB, Heterogeneity and Efficiency in The Brain, Proceedings of the IEEE, 2015)




Learning on long time scales via variation and selection

A view of the circuit repertoire: A memory of computations that have predictive
value for behavior, learned over evolutionary time, and encoded in the genome, the
developmental program, and in the biophysical rules for dynamical circuit plasticity.

¢ Retina
(visual features)

e Entorhinal Cortex
(the sense of place)

e Olfactory Cortex

(complex smells)

* Whole Brain
(everything you do)

Networks of elements that form modules that
are in turn organized in networks, and so on




Learning at short time scales via local rules

Neurons learn by autonomously rewiring their own circuits.

® One mechanism is Spike Timing Dependent Plasticity (STDP). For example: 1
* Suppose two connected neurons fire voltage spikes
* If the first neuron fires before the second one, the synapse strengthens
* If the first neuron fires after the second one, the synapse weakens.

® You can also use neuromodulators as global knobs to modulate learning
» Dopamine released on a synapse reinforces changes that lead to surprising rewards 2
* Norepinephrine release allows emotion to affect synaptic plasticity

. g 1.6 -
* Entirely new synapses can form, and old synapses can disappear. % 1a
§ 124
Fa . . . E 1_0_- ________________________
* Neurogenesis in the hippocampus (memory, navigation) and cell death. : - %
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of how other neurons are adjusting themselves, and there
is no centrally directed mechanism for global change




Learning requires whole brain cooperation: e.q., song learninc

conductor  c;(?) The tutor should
Wi match the teaching

Major brain /AVC \
areas of the RA - — L’\\"‘AN

style (reinforcement
songbird act

s;(t) | student < tutor  g;(?) protocol) to student

col!ectively learning style (synaptic
during song plasticity rule) for
learning

efficient learning

» Student: Neurons in RA control the muscles to produce sounds. It must learn a
sequence of muscular movements.

* Conductor: Neurons in HVC produce a sequence of patterns marking time. After
learning each pattern drives RA to pull and push the right muscles at each moment

 Tutor: LMAN drives exploration by injecting variability while providing guidance

based on comparison of the desired song to the actual output.




This is not a von Neumann architecture

Central Processing Unit

Arithmetic/Logic Unit

Memory Unit

Kapooht - Wikimedia Commons

Input
Device

W. Nowicki - Wikimedia Commons




This is not a deep neural network

Deep Neural Network

iInput layer hidden layer 1 hidden layer 2 hidden layer 3
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Figure 12.2 Deep network architecture with multiple layers.
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http://towardsdatascience.com

This is not a simulation of real or artificial neural networks

Deep Neural Network

input layer hidden layer 1 hidden layer 2 hidden layer 3
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Figure 12.2 Deep network architecture with multiple layers.

SpiNNaker

Standard CMOS systems are used
------------- - to simulate artificial neural

Control bus networks or even realistic neurons

Address bus

organized in networks directly

Data bus retlecting cortex circuits

System bus




This is not backpropagation

Deep Neural Network

input layer hidden layer 1 hidden layer 2 hidden layer 3
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rchitecture with multiple layers.

» Compute error in the output

* Use the chain rule to compute the gradient of the
error with respect to network weights layer by layer

* Propagate the changes backward from the output

Individual weights are changed to descend globally computed gradient.
Requires large numbers of matrix multiplications.




The accidents of history: CMOS and Moore’s Law

1. 1960s-1980s: Logic Engines (LISP, Prolog), the dawn of
connectionism (neural networks)
2. 1980s: neural networks vs. neuromorphic systems
- 3. 1990s: The rise of neural networks and variants (e.g., HMMs)
a2 4 2000s: Gaming systems and GPUs arrive, parallelizing matrix
QEJ multiplication. Art|f|.c|a| n.eural networks te.llfe Qe
5 i 5. 2010s and 2020s: Gigantic datasets. Modified architectures.
: :% Transformers take over the world.
Bnassprascaassssanessennesssasasensssssaspsiare senpssansanss s s nss g aanesd - 6. What about the future?

Control bus

In the first issue of the journal Neural Computation: Volume 1, No. 1, 1989

» Deterministic Boltzmann Learning Performs Steepest Descent in Weight-Space, Geoffrey E. Hinton
* Product Units: A Computationally Powerful ... Extension to Backpropagation Networks, Richard Durbin,

David E. Rumelhart




Becoming what you learn: neuromorphic computing

The massive datasets and vast expenditures of energy required by artificial
neural networks are unsustainable

The future of Artificial Intelligence lies in machines that learn like the brain

* Dynamics as computation leveraging device chemistry and physics

» Hardware = software. Memory and computation embedded jointly and
emerging collectively from networks

* Heterogeneous, special purpose, highly adapted modules implementing
useful and re-usable functions or procedures

* Hierarchies of nested modules combined with recurrence

* Flexible communication and interconnection between modules

* Local learning rules




The End




