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Brain's powerful feature detection capability

human's visual system
G. Kanizsa, "Subjective Contours" (1976)

Vision is guided by internal model




... and feature separation capability

dog's olfactory system human's auditorial system

place cells, concept cells

Place zell

;7 Decomposition into independent components
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Discontinuity in building such capabilities

Short time scales Long time scales

R.V. Bretas et al., Neuroscience
Research 161, 1-7 (2020)

B. Hosenfeld et al., J.
Experimental Child Mossteran Cutre @ 55
Psychology 64, 367-395 N
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ARTICLES

Nature 2006

Weak pairwise correlations imply
strongly correlated network states in a
neural population

Elad Schneidman'*’, Michael J. Berry II°, Ronen Segev” & William Bialek'’

Biological networks have so many possible states that exhaustive sampling is impossible. Successful analysis thus
depends on simplifying hypotheses, but experiments on many systems hint that complicated, higher-order interactions
among large groups of elements have an important role. Here we show, in the vertebrate retina, that weak correlations
between pairs of neurons coexist with strongly collective behaviour in the responses of ten or more neurons. We find
that this collective behaviour is described quantitatively by models that capture the observed pairwise correlations but
assume no higher-order interactions. These maximum entropy models are equivalent to Ising models, and predict that
larger networks are completely dominated by correlation effects. This suggests that the neural code has associative or
error-correcting properties, and we provide preliminary evidence for such behaviour. As a first test for the generality of
these ideas, we show that similar results are obtained from networks of cultured cortical neurons.
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Chaos in Neuronal Networks with Balanced
Excitatory and Inhibitory Activity

C. van Vreeswijk and H. Sompolinsky
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Fig. 1. Schematic representation of the network ,
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Basic viewpoint

Brain and Cell: information processing system

Input signals: temporal and spatial regularity

Internal predictive model

Energy — Information trade-off



Single neuron

Information processing within a single neuron

Layer 1
top down »>
| nfo rmatIO n Conlext specific

HQ thalamus

Layer S5a

Feature specific

Layer 6b

bottom up / peer
' pinformation

Tuf: dendrites

-~ Q \ 7
— Ao ) Y
N Sifsl

NMDA
spikes

Apical dendrite

| Apica
:| ¢ initiation
:|: zone

. Aru, M. Suzuki, and M. E. Larkum (2020).
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Model system

| ateral predictive coding,
iInear internal model,
orediction error



Feature detection by lateral predictive coding

Output: = = (2, 22,...,2V)"

T AXD T
Interactions l
T Tsi T T

Input: s = (s",s°,...,s




lateral predictive coding

. da
Short-
rorttime 2 —s—z— f(@)

Srinivasan, Laughlin, Dubs (1982);
ITP Pineda, PRL (1987); ......




linear internal model

External signal

peer prediction

internal state



linear internal model

External signal

peer prediction

internal state

fi(x) = Z w; ;] weight matrix W

.—L'
J71

linear predictive dynamics




linear internal model

fi(x) = Z wfz:jili‘j

JF1




internal state as prediction error

d.’B ) 0 Uo v U N
— = € (I+W)t8 U () s WaN
dt W —

wy, w2 0

o, = (I + W) 's,

Sazwma+ma:pa+xa

Input alpha prediction for alpha prediction-error for alpha

IT PHuang, Fan, Zhou, Zhou, Commun. Theor. Phys. 74, 095601 (2022)
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(I + W) : eigenvalues have positive real part



Task 1:
Detecting a single non-Gaussian feature

B N
S = ai P11+ ijz b Ok

non-Gaussian (Gaussian
(@) =0, (bj) =0
@) =1, () =1

®i, ¢;, ... orthogonal random bases

(5a ) =T Tuiraciablc by POA




Task 2:
Detecting and separating two
non-Gaussian features

0 0
a [COS 5 @1 + sin 5 ho| +
non-Gaussian
0 0
ao oS 5 ¢1 — sin 5 oo

non-Gaussian

+Z bk ot

J=3 Gauss1an




\a}/ [cosg qbl—l—sing ¢2] H
_(?2 [Cosgﬁbl—smg%]
+i b
A 0 0
1 = COS =@ +sin—-@s,
2 2
. s, .
P2 = COS—@1 —sin—0.
2 2
-
0 = —: orthogonal ,
2
(s : :
0 = k partially aligned .
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Mechanism

Energy—information
trade-off



Theory Li-norm Energy

I 1
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Theory Information robustness

Mutual information Ilz;s] = H|s|+ H|x] - H|[s, x|
X and s: — Hlz] — H|z|s]

= H|x| + constant

Marginal distribution _ ( 1 )
- P(x) /dsP(s)5 S T

H|x] = —log [Det(I + W)} + constant

S = —log |-Det(I+W)] Entropy

Maximize output entropy

"7 (output points more widely dispersed)




Theory Energy-information tradeoff

Free energy:

F = FE —-TS85

_ Z<[I+IW s}> + Tlog|Det(I + W)

1

Minimum free energy at temperature T.
Optimal internal model (weight matrix W).

T is balancing energetic cost
ITP and functional robustness.




Algorithm Stochastic Annealing at fixed S

. Change one column/row of W under constraint Det(I + W) = e~°|
. Check eigenvalues A of (I + W).

. If Re[A] > 0, then go back to (1).
Else, compute energy change AF.

. If AE <0 or if Rand() < e "2F, accept updated W .
. After N' = 10° repeats of (1)-(4), increase k < 1.01k.

. Stop if k > 10%. Report W of the minimum energy.
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Energy-information trade-off induces continuous and discontinuous phase
transitions in lateral predictive coding

Zhen-Ye Huang*', Ruyi Zhou?', Miao Huang'~', and Hai-Jun Zhou'=*

LKey Labaratary for Thearerical Phvsies, leitince of Thearetical Physics, Clinese Academy of Sciences, Beliing 10019, China,
2School of Physica! Seiences. University of Chinese Academy af Sciences, Beifing 100649, China;
*Setool of Opiics and Photonies, Beijing Institute of Technalogy, Beijing 10008], China;
"Minjiang Collaborarive Center for Theoretica! Pivisics, Minfiang Universiry, Fuzitow 350108, China

Received January 12, 20249, accepted Debruary £, 2024, pubhshed onhine Nay 7, 202

Lateral predictive coding is a recurrent neural network that creates energy-efficient internal represemations by exploiting statis-
ticel regularity in sensory inputs. Hore, we analytically investigate the trade-off between information robustness and energy in
a lincar model of lateral predictive coding and numerically minimize a free energv quantity. We observed several phase transi-
tions 1n the synaptic weight matnx, parbicularly @ contmuous transiion thal breaks reciprocity and pernmutabon symmetry and
butlds cyclic dominance and a disconbinuous ansibon with the associated sudden ermergence of tght balance between excitatory
and inhibitory interactions. The optimal network follows an ideal gas law over an extended temperaturs range and saturates the
efficiency upper bound of energy use. These results provide theoretical insights into the emergence and evolution of complex
internal models in predictive srocessing systems.



Entropy versus Energy
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,--Obtain minimum energy E for each entropy S.
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Task 1:
Detecting a single non-Gaussian feature

B N
S = ai P11+ ijz b Ok

non-Gaussian (Gaussian
(@) =0, (bj) =0
@) =1, () =1

®i, ¢;, ... orthogonal random bases
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Probability of non-Gaussian coefficient

Po ; a1 — 0
1—po . 1
q(al) — 2 0 T Top
1—po _ 1
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Order parameter

Projection of non-Gaussian

1
feature direction on unit i: Hi = {I + %% ¢1}

&
¢

1 : selective response by a single unit
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Discontinuous phase transitions of feature detection in lateral predictive coding

Zhen-Ye Huang,"'>" Weikang Wang." * and Hai-Jun Zhou ©'%3#
'Institute of Theoretical Physics, Chinese Academy of Sciences. Beijing 100190, China
2Schaool of Physical Sciences, University of Chinese Academy of Sciences, Beijing 100049, China
‘MinJiang Collaborative Center for Theoreticai Physics, MinJiang University, Fuzhou 350108 China

M (Received 28 January 2025; accepted 19 August 2025; published 2 September 2025)

The brain may adopt the strategy of lateral predictive coding (LPC) to construct optimal internal representa-
tions for salient features in input sensory signals, reducing the energetic cost of information transmission. Here
we first consider the task of detecting one non-Gaussian signal by LPC from Gaussian background signals of
the same magnitude, which is intrectable by principal component decomposition. We study the emergence of the
feature detection function from the perspective of tradeoff between energetic cost £ and information robustness,
and implement this tracdeoff by a thermedynamic free encigy. We define £ as the mean Lj-norm of the internal
state vectors, and guantfly the level of informztion robustness by an entropy measure S, There are at least three
types of optimal LPC matrices. one type with very weak synaptic weights and § =~ (), and two functional types
either with low erergy E or with high entropy S in which one single unit selectively responds 1o the non-Gaussian
input feature. The energy-information tradeoff induces two discontinuous phase transitions between these three
types of optimal LPC networks. We then extend the discussion to detecting and distingmishing between two
non-Gaussian input features and observe similar discontinuous phase transitions.

DOI: 10.1103/3jk3-x177



Representative results

N:36, p0:O.7



Energy and free energy

40 T T T T~ T T "1 29.8
35 | _ 29.4
1 w
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S

Free energy global minimum changes suddenly

at certain critical T values.



Feature detection power

0.25 \ =

Feature detection is successful both for
(1) S much larger than 0 (S > 2);
(2) S much lower than 0 (S < -1).



Weight matrix with S=0

O o 0.0002
|
| | |

L 0.0001 0.5

- 0.0000 0.25

Pout( X [@1)

—0.0001 0

—0.0002

All synaptic weights are weak.
Similar response in the presence /absence of
non-Gaussian feature.



Weight matrix with S=8
..

- 0.4 a1l=0 | | a1:1l.8257
- 0.2
- 0.0

P(x |ay)

0.5
- —0.2

—-0.4 ° 0 o!s 1I 1!5
Xi

—0.6

—0.8

Three subgroups of units, strong excitation and
strong inhibition.
One unit selective to non-Gaussian feature.



Weight matrix with S=-2

0.
IO.3

- 0.2 a1l=0 | | a1=1l.8257
- 0.1
- 0.0

P(x |ay)

0.5
- —0.1

—0.2 ° 0 o!5 1I 1!5
X;

—0.3

—0.4

One unit strongly interact with all the others.
This unit selective to non-Gaussian feature.



Pout( X[ a1)

Through energy-information trade-off, the system
achieves feature detection function.

A single neuron is selectively responding to the
non-Gaussian feature.

one neuron all other neurons

a;=0 a;# 0 0.5 a;=0 --- a; 20 — |
L

0.25
0.5

pout( X | a1 )

o




Phase diagram in I

7=0.8320 r=1.1283

Information-robust
feature detection

Energy-efficient
feature detection

E<27.79 E > 36.73
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Order parameters

Projection of non-Gaussian feature directions on unit i:

i = [ 4 i = [ &
. rw i -w ¥,

it

Q(l) max

: ~ 2
7 Zj (/L§2))

() =~ 1 : selective response by a single unit
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Phase diagram in T

T=0.8316 T=1.2612
Energy-efficient Information-robust
feature separation One _ feature separation
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Conclusive remarks

Lateral, recurrent, interactions for predictive coding.

Prediction-error minimization —> redundancy reduction,
correlation reduction, differentiated response times.

Energy-Information trade-off leads to highly nontrivial internal
models, spontaneous emergence of feature detection,
extraction, and separation functions.

Asymmetry of synaptic weights, cyclic dominance, inhibition-
excitation balance.

Future work: Nonlinearity, multi-layers, noise, ...



Future extensions

e Memory effect.

d:z:i (t)

W = 0 a0~ S Sl
it = [ Kut) myar
+ Non-linearity. memory kernel
Todx;ft) _ si(t)—xz-(t)—;wij f,
fo= win[0n0)]  (Relw

* Multiple layers.
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