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Goal

Introduce a biologically plausible neural network framework grounded on
iInformation theory offering,

4+ A principled solution to the weight symmetry problem,

4+ A normative approach for deriving networks with multi-compartment neurons.



Outline

4+ Weight Symmetry (Transport) problem

4+ Correlative Information Maximization (CorInfoMax) criterion
4+ Network Data Model
4+ Network Structure and Dynamics

4+ Numerical Examples



Backpropagation: Weight Symmetry Issue

A Multi-Layer Neural Network
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Backpropagation: Weight Symmetry Issue




Correlative Information Maximization (CorinfoMax) Criterion

Correlative Mutual Information (CMI)

a,.b : Random vectors

- 1 A 1 A
[Y(a, b) = 5 log de?Ra[t] + 1) — 5 log det(Reag + €.1)
The corvelation matrix of a The ervor of the best linear MMSE
esttmator of a from b




Correlative Information Maximization (CorinfoMax) Criterion

Correlative Mutual Information (CMI)

a,.b : Random vectors

1 A 1 A
[Y(a, b) = 5 log de?Ra[t] + 1) — 5 log det(Reag + €.1)
The correlation matrix of a The ervor of the best linear MMSE
esttmator of a from b

Maximize I“’(a,b) = Maximize correlation (linear dependence)
between a and b



Network Data Model

x[?] : Input sample



Network Data Model

x[?] : Input sample

r®[¢] : layer activations



Correlative Information Maximization Criterion
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Correlative Information Maximization Criterion

P—1 Polytope Examples
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Correlative Information Maximization Criterion
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Correlative Information Maximization Criterion
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Correlative Information Maximization Criterion

Two Alternative Expressions for the Correlative Mutual Information (CMI):



Correlative Information Maximization Criterion

Two Alternative Expressions for the Correlative Mutual Information (CMI):

Alternative 1:

e | n 1 .
[0 r® pktDyrg — 5 log det(R (] + €1) — 5 log det(Rgng)[t] + €.1)

where

Forward preollctiow error Ln

r'o[z] —bwff(k) -®—> et I\~ predicting " V[1] from rV[1]

T

r(k“)[t]




Correlative Information Maximization Criterion

Two Alternative Expressions for the Correlative Mutual Information (CMI):

Alternative 2:

N 1 A | R
[0 Y] = > log det(R,w[f] + €I) — > log det(R<w[f] + €1)

where

‘e ® r&+Drip Backward prediction ervor tn

predicting rs] from Dy




Correlative Information Maximization Criterion

Two Alternative Expressions for the Correlative Mutual Information (CMI):

- ] . ] .
[0 p+Iyp] = > log det(R wn[2] + €,1) — > log det(Rzasn[f] + €I)
Forward

\Z\ predia’ciow ervor

Wy —
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Backward
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N | A N
[0 p+Iyy] = > log det(R,w[f] + €,1) — > log det(R<w[t] + €1)



Correlative Information Maximization Criterion

Maximization of CMI: Gradient wrt r'®[¢]
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Correlative Information Maximization Criterion

Maximization of CMI: Gradient wrt r'®[¢]
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Network Structure and Neural Dynamics

Multi-compartmental neural network

Projected gradient ascent based neural-dynamics:

Sample ind\ex yuous time index
du™[t; 5]
By = - gLt 51+ g4, (VO[5 51 — 0Lt 5]) + g5, (VP15 51 — u®[1; 51)

r'[s; s] = o, ("[z; 5])

where



Network Structure and Neural Dynamics

Multi-compartmental neural network

Projected gradient ascent based neural-dynamics:

Sample ind\ex yuous time index
duM[t; s]
Ty = - gLt 51+ g4, (VO[5 51 — 0Lt 5]) + g5 (V15 51 — u®[1; 5])

r'[s; s] = o, ("[z; 5])

where

ll(k)[t, s] : Somatic compartment
membrane potential



Network Structure and Neural Dynamics

Multi-compartmental neural network

Projected gradient ascent based neural-dynamics:

Sample ind\ex yuous time index
duM[t; s]
Ty = - gLt 51+ g4, (VO[5 51 — 0Lt 5]) + g5 (V15 51 — u®[1; 5])

r'[s; s] = o, (u[z; s])

where

ll(k)[t, s] : Somatic compartment
membrane potential

VXC)[t, 5| = M(k)[t]l‘(k)[t; s| + W}];)[t]l’(kﬂ)[t; s| Apical compartment
membrane potential



Network Structure and Neural Dynamics

Multi-compartmental neural network

Projected gradient ascent based neural-dynamics:

Sample T( yuous time index
duM[t; s]
Ty = - gLt 51+ g4, (VO[5 51 — 0Lt 5]) + g5 (V15 51 — u®[1; 5])

r'[s; s] = o, (u[z; s])

where

ll(k)[t, s] : Somatic compartment V(k)[t, 5] = W(k_l)[t]l‘(k_l)[t; 5] Basal compartmer\t
membrane potential b If membrane potential

VXC)[t, 5| = M(k)[t]l‘(k)[t; s| + W}];)[t]l’(kﬂ)[t; s| Apical compartment
membrane potential



Network Structure and Neural Dynamics

Multi-compartmental neural network

Projected gradient ascent based neural-dynamics:

Sample ind\ex yuous time index
duM[t; s]
Ty = - gLt 51+ g4, (VO[5 51 — 0Lt 5]) + g5 (V15 51 — u®[1; 5])

r'[s; s] = o, (u[z; s])

where
- 1 Apical-Soma - 1 Basal-Soma
gA,k o € Conductance gB»k o € Conductance
k—1 k
, Leakage
Sk -

Conductance



Network Structure and Neural Dynamics

Multi-compartmental neural network

Projected gradient ascent based neural-dynamics:

Sample ind\ex yuous time index
duM[t; s]
Ty = - gLt 51+ g4, (VO[5 51 — 0Lt 5]) + g5 (V15 51 — u®[1; 5])

r'[s; s] = o, (u[z; s])

where
B 1 Apical-Soma B 1  Basal-Soma o, (u)
EAk = ¢ Conductance EBk = ¢, Conductance PVQJ'CO’CLOV\/
k—1 k
onto
. Leakage Hupercube
Sk - Jp

Conductance



Network Structure and Neural Dynamics

Multi-compartmental neural network
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Network Structure and Neural Dynamics

Multi-compartmental neural network
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Lateral connectlons
to maximize La Yer entropy:

utilization of representation
dimensions, avold degeneracy



Network Structure and Neural Dynamics

Multi-compartmental neural network
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Feedforward/Feedback
conmnectLons
to minimlze conditional entropy:

. Facilitate bidirectional information

flow,reduce redundancy



Network Structure and Neural Dynamics

Learning Dynamics

5W]([]If)[t] X % [(?(k_l_l)[t]l'(k)[t]T) o (E)(k+1)[t]r(k)[t]T> ]
p=p B=0

5W](CIZ)[¢] X % [(‘g(k)[t]r(k 1)[1‘]T) _ (‘g(k)[t]r(k l)mT) ]
p=p p=0

BO[t+ 1] = 271 BW[1] — yz®[11zP[1])), where z® = BO[]rV[¢]

p=p



Numerical Examples

* MNIST and Fashion MNIST Datasets: Layer sizes of 784, 500,10

» CIFAR 10 Dataset: Layer sizes of 3072,1000,10

MNIST FashionMNIST CIFARI0O

CorInfoMax-5., 97.62 £+ 0.1 88.14 £ 0.3 51.86 + 0.3
COI’InfOMaX-BL_F 97.71 £ 0.] 88.09 0.1 51.19+0.4
EP 97.61 4 88.06 = 0.7 49.28 == 0.9
CSM 98.08 == 0.1 88.73 = 0.2 40.79*

PC 98.17 0.2 &89.31 0.4 -
PC-Nudge 97.71 £ 0.1 88.49 4+ 0.3 48.58 == 0.7
Feedback Alignment (with MSE Loss) 97.99 == 0.03 &8.72 0.5 50.75 = 0.4
Feedback Alignment (with CrossEntropy Loss) 97.95 £ 0.08 &88.38 0.9 52.37 04
BP (with MSE Loss) 97.58 = 0.01 88.39 0.1 52.75 £ 0.1
BP (with CrossEntropy Loss) 98.27 +0.03 89.41 = 0.2 53.96 = 0.3




Numerical Examples

Confirming Asymmetry: Angle between feedforward and the transpose of the feedback weights
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Z 651\ - = MNIST - 6®
— = FashionMNIST - ©(2)
— = C|FAR10 - 62

0 20 40 60 80 100 120 140
Number of Iterations / 103



Conclusions

CorlnfoMax is offered as an information theory-based principled framework:

» Networks of segregated neurons with recurrent and asymmetric feedback/
feedforward connections governed by local learning rules naturally emerge,

» Useful in obtaining potential insights such as

¢ the role of lateral connections in embedding space expansion and avoiding
degeneracy,

¢ feedback and feedforward connections for prediction to reduce redundancy,

¢ activation functions/interneurons to shape feature space and compress.



Thank You!



