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Who am [?

- Began in experimental cellular-molecular
neuroscience

- Nurtured interest in computational neuroscience

- Made the leap to computational neuroscience
upon joining the Kording Lab at UPenn in 2018

- Defended thesis in September 2023

- Began as a Kempner Fellow in November 2023
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Brains enable intelligent behavior
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So what are single neurons capable of?
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a cell in the nervous system that consists
of a soma, an axon, and a dendrite

I

| study single-neuron computation.

l

information processing by a physical system
for the purpose of accomplishing a task

f(input) = output
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"What is a single-neuron computationally capable of?"
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Overview

Motivation:
What is a single neuron computationally capable of?
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Overview

Motivation:
What is a single neuron computationally capable of?

Strategies:
Measuring computational capability
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How do we measure computational capability?
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Supervised Learning allows models to reach
an upper bound of performance of a task

/ Model \ / Specific Task \ / Learning Rule\

Objective functions
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Can | measure the computational capabillity of
single neurons using a supervised learning framework?
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Can | measure the computational capabillity of
single neurons using a supervised learning framework?

/ Model \

Moldwin and Segev, 2019

M | What neuron model will | use? |
Wa _________________________________

Kobayashi et. al. 2021
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Overview

Motivation:
What is a single neuron computationally capable of?

Strategies:
Measuring computational capability
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Overview

Motivation:
What is a single neuron computationally capable of?

Strategies:
Measuring computational capability
Choosing a neuron model
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What is a good model of a neuron?
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What is a good model ef-a-rheudren?
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What is a good model?

“The best material model of a cat is another, or preferably the same, cat.”
- Norbert Wiener

Abstraction is necessary to make useful models

=
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How much abstraction is needed to make a useful model?

...Ilt depends on your question!
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Q: Why is my cat moving away from the vacuum cleaner?

What model of a cat is most useful to explain this phenomenon?
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What model of a cat is most useful to explain this
phenomenon?

%i‘a
P 2.2 More detailed
>y models of cats
Model Abstraction Biological Realism
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"All models are wrong,
but some are useful.”
- George Box

i
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What degree of abstraction makes useful neuron models?

Especially if our question is about computational capability?

| don't know what properties are relevant a priori.

[——-
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Models of single neurons are on a spectrum of abstraction

Ramon y Cajal

Kobayashi et. al. 2021
Moldwin and Segev, 2019

Travis et al 2015
oN L
Oy O n ot L
c Cable Model
Model Abstraction

Biological Realism
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There are many different kinds of neuron models

lon Channel e o
Conductance . Integrate-and-Fire 3

Models Models

Travis et al 2015

........................... b|ophys|ca||y

-------------------------------------------------------------

Neuron models without dendrites are maklng the
: Point Neuron Assumption
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Dendrites are incredibly detailed and complex
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Dendrites are incredibly detailed and complex

Dendritic Properties W oerecTon
e morphology g
e conductances ANDNOTEy R §
(c AND-NOT d) 7
P—— unAantic_ and.intrin<ic - - ______2.__

Dendritic Computations
e coincidence detection (AND)
e dCaAP from ion channels (XOR)

PV 'ﬁou
e plasticity (synaptic, intrinsic, etc) | | AMPLIFICATION 4

London, M and Hiwsser, M. 2005
Annu, Rev. Neurosci, 28: 503~32
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Which properties do | choose for my neuron model?

| don't know what properties . Dendritic properties are relevant :
are relevant a priori. | | to information processing.

I D
' If a relevant property is more impactful, |

then which dendritic properties
Impact computational capability?
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How do | choose a model for studying
computational capability?

Ramon y Cajal

Kobayashi et. al. 2021
Moldwin and Segev, 2019

Travis et al 2015
° N l i / n" .
JIampt. D—u ng _ -
c Cable Model ; | ‘ :
Model Abstraction
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Adding Dendritic Constraints approaches Biological Realism

Ramon y Cajal

Constraint 4
Synapse
=

—sa = Syn(x) = [-70, 50]
. . Travis et al 2015
Moldwin and Segev, 2019 Constraint 1 Constraint 2 B@
L e @ f et

O~ “"Q;f)/(:onstraintS Constraint 5
. (/;') g NaCak Non-Negative

e > =
28§ /7L
s a1 =10 > /d
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e e 3w

Model Abstraction Biological Realism
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How do dendritic properties impact
the computational capabillity of single neurons?

Constraint 1
k=1

Synapse
= I

=

— 4= Syn(x) = |-70, 50]
K@ :
A

Constraint 2

Constraint 4

Constraint 3

Constraint 5

Non-Negative

=10
[wa] =+1
wi|=+10
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Overview

Motivation:
What is a single neuron computationally capable of?

Strategies:
Measuring computational capability
Choosing a neuron model

Main Question:
"How do dendritic properties impact the computational capability of single neurons?"
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Overview

Motivation:
What is a single neuron computationally capable of?

Strategies:
Measuring computational capability
Choosing a neuron model

Main Question:
"How do dendritic properties impact the computational capability of single neurons?"

Results:
Structural Constraints
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Making a Neuron-like ANN with Dendritic Constraints

Structural Constraints

( )

Constraint 1: Binary Tree
Constraint 2: Synaptic Repetition

Non-structural Constraints

p
Constraint 3: Dendritic Nonlinearity

~

Constraint 4: Synaptic Nonlinearity

~

34 1 k-tree
1 2 3
4

k=2

[l Synaptic Nonlinearity [] Dendritic Nonlinearity

LReLU

[JSomatic Nonlinearity — Axial Resistance Weight |

Na' IV Curve

—r
Ca IV Curve

K* IV Curve

Linear Function

e

NaCaK

+ //J +
;

No Synapse Synapse
—x=l01] —x=[0.1]

%%y —a=1x)=[0,1] —sa=Syn(x) = [-70, 50]

Constraint 5: Non-Negative Weights

Real Valued Non-Negative

a =10 ar =10
wi=-1 [wa| =+1
awr =-10 afwi| =+10

<4 J
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Introducing structural "constraints” to an ANN

Binary Synaptic
Branching Repetition
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Introducing structural "constraints” to an ANN

Neuron with
Repeated Inputs

3 4 ’ Constraint 1 Constraint 2

L2,
—_,

2

k-tree Neuron
Model

R Binary Synaptic

Branching Repetition
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Impact of Binary Branching and Repetition on Task Performance

Controls k-tree neuron
models
1-tree Neuron
Linear Point-Neuron Model
Model
Fully Connected ]| ]| 11 11
Neural Network 1 O
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Impact of Binary Branching and Repetition on Task Performance

Controls k-tree neuron
models 0.8 MNIST Comparison
1-tree Neuron
Linear Point-Neuron Model 0.96 -
Model
V 0'94 -
9]
o
3 0.92
Fully Connected ] ] ] ] U Falll &
Neural Network 1 O 0.90
0.88 -
0.86 -

1 2 4 8 16 32 LDA
Architecture (k)
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Impact of Binary Branching and Repetition on Task Performance

Controls k-tree neuron
models 0.8 MNIST Comparison
1-tree Neuron
Linear Point-Neuron Model 0.96 -
Model
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9]
© -
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Impact of Binary Branching and Repetition on Task Performance

Controls

Linear Point-Neuron
Model

el

Fully Connected
Neural Network

k-tree neuron
models

1-tree Neuron
Model

Binary branching structure reduces performance
Synaptic repetition improves performance

MNIST Comparison

1 =X- ktree !

e

¢ LDA
i~ FCNN

1 2 4 8 16 32 LDA
Architecture (k)
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Conclusions

- Neuron-like ANN models can consistently perform above point-neuron

level
o This work does not support the use of the Point Neuron Assumption in
investigations of computational capability

- Dendritic branching reduces performance of FCNNs
o This could be due to the introduction of very high sparsity

- Synaptic repetition improves performance
o This could be due to increased "redundancy" within the dendritic branches that
allow for easier learning

...let's consider moving closer to biological realism
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Overview

Motivation:
What is a single neuron computationally capable of?

Strategies:
Measuring computational capability
Choosing a neuron model

Main Question:
"How do dendritic properties impact the computational capability of single neurons?"

Results:
Structural Constraints
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Overview

Motivation:
What is a single neuron computationally capable of?
Strategies:

Measuring computational capability
Choosing a neuron model

Main Question:
"How do dendritic properties impact the computational capability of single neurons?"

Results:
Structural Constraints
Non-structural Constraints
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Making a Neuron-like ANN with Dendritic Constraints

Structural Constraints

( )

Constraint 1: Binary Tree
Constraint 2: Synaptic Repetition

Non-structural Constraints

>
Constraint 3: Dendritic Nonlinearity

~

Constraint 4: Synaptic Nonlinearity

~

34 1 k-tree
1 2 3
4
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[l Synaptic Nonlinearity [] Dendritic Nonlinearity
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Constraint 5: Non-Negative Weights

Real Valued Non-Negative
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<4 J
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Building the Dendrite Nonlinearity: NaCaK Function

Na* IV Curve

O
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Building the Dendrite Nonlinearity: NaCaK Function

Na* IV Curve
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Comparing Activation Functions

Na*IV Curve | !
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What if we replace RelLU with dendrite nonlinearity?

Binary Tree
Model
MNIST Comparison
0.975 - P
0.950 A ,l-l““':l—'ﬂ—l—l- lllll x 5 4
0.925 B ‘—\"l'_l_..._[ _I_ RelLU 4]
g:::_ ‘t‘\..-?“"‘:'—_:r LRelLU ]
3 . - . K . . 2 4
< 0.8501 \‘ _I_ Slgm0|d
0.825{ —I— Swish 11
0.800 ~T— NaCaK 01
0.775 - - : : &

1 2 4 8 16 32
Architecture (k)
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Dendrite nonlinearity performs well with the binary tree
mOde‘_%inary Tree

Model
MNIST Comparison
0.975 e =
\“’ll:ll‘-l-—'I: ————— » = g
0.950 A ,l-l' | -
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. L of i b
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Architecture (k)
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What if we do the same to the Fully Connected control?

Binary Tree
Model

MNIST Comparison

|_|‘-l-|-_'_‘-

4 ,l-l"“"‘-‘-"-'-'- lllll » =
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Architecture (k)
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ReLU nonlinearity sparsity impacts model performance

Binary Tree
Model

MNIST Comparison

l_l‘-l-l-_'_l-
| g T o
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Making a Neuron-like ANN with Dendritic Constraints

Structural Constraints

( )

Constraint 1: Binary Tree
Constraint 2: Synaptic Repetition

Non-structural Constraints

p
Constraint 3: Dendritic Nonlinearity

34 1 k-tree
1 2 3
4

k=2

[l Synaptic Nonlinearity [] Dendritic Nonlinearity

LReLU

[JSomatic Nonlinearity — Axial Resistance Weight |

Na' IV Curve

—r
Ca IV Curve

K* IV Curve

Linear Function

e

NaCaK

+ //J +
;

Constraint 4: Synaptic Nonlinearity

No Synapse
—x=l01]

%%}f —a=Ix)=[0,1]

Synapse
x=[0,1]
—sa = Syn(x) = [-70, 50]

Constraint 5: Non-Negative Weights

Real Valued

a =10
wi=-1
awr =-10

Non-Negative

ar =10
[wa| =+1
afwi| =+10

J
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Adding synaptic nonlinearities and non-negative conductance

—[— Dendritic Nonlinearity Only
Non-negative

—I- Synapses
Synapses + Non-negative
FCNN Control

-1~ FCNN Synapses + Non-negative
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Adding synaptic nonlinearities and non-negative conductance

MNIST Comparison
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Synaptic nonlinearity scales input to match dendritic nonlinearity

r “
ConStralnt 4: Synaptlc Nonllneanty A Dendritic Nonlinearity Function lon Channel Component
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Model with all biological constraints
results in the best performance
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Overview

Motivation:
What is a single neuron computationally capable of?
Strategies:

Measuring computational capability
Choosing a neuron model

Main Question:
"How do dendritic properties impact the computational capability of single neurons?"

Results:
Structural Constraints
Non-structural Constraints
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Overview

Motivation:
What is a single neuron computationally capable of?
Strategies:

Measuring computational capability
Choosing a neuron model

Main Question:
"How do dendritic properties impact the computational capability of single neurons?"
Results:

Structural Constraints
Non-structural Constraints

Reflections and Conclusions
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Limitations and Future Directions

- Completely symmetric dendritic trees are not biologically realistic
- Further work must be done in asymmetrical dendritic trees (See Ojha 2022)

- Our model is a feedforward ANN, but neurons are dynamic
- Further work of this kind must be done in temporally dynamic dendrite models

- A computer vision task is likely not what single neurons do
- Further work must be done to identify complex tasks single neurons should do
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Conclusions and Contributions

- Developed a method for determining the impact and relevance of qualitative
properties for computational capability

- Demonstrated that dendritic properties synergize to have more impact on
computational capability

- The work suggests that the point neuron assumption may be biasing the
study of intelligence at the neuronal and multineuronal levels

- Biological realism should be included in explorations of computational
capabillity in single neurons and beyond
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