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The Neurally Controlled Animat
Biological Brains Acting with Simulated Bodies
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Stimulation system

Figure 1: Scheme for the Neurally Controlled Animat. A network of hundreds or thousands of dissociated mammalian cortical
cells (neurons and glia) are cultured on a transparent multi-electrode array. Their activity is recorded extracellularly to control
the behavior of an artificial animal (the Animat) within a simulated environment. Sensory input to the Animat is translated into

patterns of electrical stimuli sent back into the network.
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MEA
multi-electrode array (MEA)

@ uses multi-electrode array (MEA) culture dishes

@ to record neural activity from populations of neurons and use that
activity to control an artificial animal
273 & U
@ 8 x 8 grid of 60- 10 pym-electrodes separated by 200 pm
: 8 x 8 —4(HE0]) =60
o the 1.5-mm electrode region of the MEAs?
:200 x 7+ 10 x 8 = 1480pym ~ 1.5mm

*https://www.sciencedirect.com/science/article/pii/S0165027001004125
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MEA
multi-electrode array (MEA)
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(b) Thomas et al., 1972

Figure 2: MEA A2l

o F2ls E& BV (clear substrate) Al At2t — MEAs allow detailed
(submicron) optical investigation of neural connectivity (e.g., using
2-photon time-lapse microscopy) or submillisecond distributed activity
(e.g., using voltage-sensitive dyes and a high-speed camera)
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LN ETTE AT [EC AT EIA  Neural-Computer Interface

Neural-Computer Interface

o (L Figure 1):
e MEA culture: animat?2| Y|
@ virtual environment: animat2| AAlZ|
e simulation system: sensory & A|AE
e animat &5 move forward, back, left or right3
o kU BE 2.
o SEJ[2HA/D BB &Y
@ real-time data stream
2.95 MB per second (60 channels sampled at 25 KHZ)
£ 2.95 x 10° x 8/(60 x 25000) = 15.733 — O}OtE 16bit2

IT
HES?

°Of0tE 1%, 8% 3|/7 Ot IR L AR 2H3;
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WL ETE AT WG EIA  Controlling the Animat in its Virtual Environment

Controlling the Animat in its Virtual Environment

A clustering algorithm* was trained to recognize spatio-temporal
patterns in the spike train, to use as motor commands for the Animat

An(t:) = Ap(ti—1)e Pli—ti-1) 11 (1)
@ /: each spike
@ t;: the time of the current spike
@ n: the MEA channel number from 1 to 60
@ (3: a decay constant, 3 = 157!
@ vector A: the current spatial activity on the MEA

The activity vector A was then sent through a squashing function
Pn(t;) = tanh(0An(t)) (2)
@ §: a gain factor, 6 = 0.1

4111 UBLAO] clustering algorithmE AF2S}Z| OfL|Et O|RE LIS Hote
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WL ETE AT WG EIA  Controlling the Animat in its Virtual Environment

Every 200 ms, the computer sampled the current pattern of normalized
activity P (pattern)®

A pattern was grouped with the nearest cluster My if the Euclidean
distance to that cluster was less than a threshold A, where A = 0.9.
— M= kR cluster®| SA10|Z1-1LH

Ny P
Mk<:<Nk+1>+<Nk-‘r1> (3)
Ne <= N+ 1 (4)

@ Ny: the number of occasions this pattern has matched
— 8 rd Al M2fo] 250 2 Aok

@ init value My: the null cluster (all elements were set to zero) — No
movement

o 2t cluster= animat HZS U922 X| AT

o thresholdgf ECt Ct 27 — oY pattern@ 2 A Z-F cluster Bt

°200msOtCt? decay 2401 & ISt O] 2|4 ¢A0| AEEL O|RFE 425 20t
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RN ETE AT AT EIA  Sensory Information and Feedback

Sensory Information and Feedback

clusterOf| 7|85t motor — virtual environment®| A naimat=S 24 sensory
o 5712 M2 = sensory =22 HY
—» =43 ¢ 5 & 8=

o delivered four +/-400 mV, 200 ps pulses
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S C AT
The Activity of the Animat

o 3 8&: I|E8H Q10| (sensory 10]) 11k SHAHT I
e 8% O|=: sensory A= 2 T|E8Y (502 RIS, HIEH O & 4+~ US)

Iy

Mumber of Detectd Patiars.
%

Mo

Figure 3: Movement and results of the session in which the Animat was online. Top left: Trajectory of movement of the Animat
in a simulated room. Top right: The frequency that different patterns would recur. Bottom left: Examples of the four most
common patterns. Bottom right: Number of novel patterns that the clustering algorithm detected as the session progressed
(total 51). Bottom left: Examples of the four most common patterns.
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WL ETTE AT AT B The Activity of the Animat
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Biological Neural Cultures

Dynamic Network Plasticity and Sample Efficiency in
Biological Neural Cultures

: A Comparative Study with Deep Reinforcement Learning

2215
o THHALY, =& W& RASH (( 247t FELFLEH O
o =M AAIStE 2HE HIHA o2 BI2tEH UMQlS A Zot2.
Y Il

Published 4 August 2025 (!!!
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Biological Neural Cultures Free Energy Priciple

Free Energy Priciple

a
Environment Agent
External states Internal states.
%=fi%a,9)+Ww = arg min F(5,4)
\\ Action or control signals
a = arg min F(3,u)
b

Free-energy bound on surprise
F = =<In p(3,9|m)>, + <In q(9]p)>,

-

Action minimizes prediction errors
F =Dl 1 pl9) - <In p(s(a)l 9m)=,

a = arg max Accuracy

Perception optimizes predictions
F = D((914) | P(OI3) - In p(3 | m)

u = arg max Divergence

Figure 4: Free Energy Framework

Siwon Yun (BCSC 20

p(t): =] (UF) Jek

3(t): sensory signals: §(t) s ]
— 5’2 Ol YAECHE OlEzYl X 2B(3E)

Il
o
L")

a(t): action

Y C {%,0,~}: causes

X(t): hidden states, 6: parameters

W, Z: random fluctuations, ~: amplitude of w, Z
AU vector,-2 DIES EHoHE 2 2S(2E)

F: free energy — surpriseQ| A5t 2 AZI5|| HO}

Figure 4 credit: https://pubmed.ncbi.nlm.nih.gov/20068583/
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Biological Neural Cultures Free Energy Priciple

Free Energy Priciple

part b:
2 °
Environment Agent o
o
]
Internal states
= arg min F(3,u) o
"]
£ Fi
ree-energy bound on surprise
' F = =<In p(3,9|m)>, + <In q(9]p)>,
Action minimizes prediction errors
F =D(g(9]u) | p(9)) - <In p(5(a)|9,m)>,
a = arg max Accuracy o

Perception optimizes predictions
F = D((914) | P(OI3) - In p(3 | m)

u = arg max Divergence

Figure 5: Free Energy Framework
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q(9 | p): recognition density: |2 AEf — QI (I11)

p(8, ¥ | m): generates sensory samples and their causes, m:
generative model (777)

surprise(self-information): /(x) = log1/P(x) =
entropy: E[/(x)]

— log P(x)

surprise: — In p(3, | m) =
S35 AL — Al F
KL divergence: divergence(2t0l), entropy@| H|ul: D(P || Q)
FZ KL divergenceS AFZ235}0] 27§

—In[p(5 0 | mdy — H2 25

Action minimizes prediction errors
@ KL divergence £ recognition density(prior2| EHS
‘42+3lf EO}H) an approximate posterior probability2| Z{0|
@ —(Inp(5(a) | 9, m))q: cross entropy! F7} arg min%AH0]|
[C}2} action cross entropy 242t HIE £ 2
S U3 vs O| 42 AIZ&E — cross entropy 30| 2450
A A gt HE TR Accuracy S7Fl
Perception optimizes predictions
@ —Inp(5| m): surprise, perception 2 QI5t F 2[AJI0IM 1
7} QlofA #3t5t2| ofLsH
@ KL divergence £ 2/CH3} Z|0f — divergence(2+0])7t
Z|chat =]of
S UG vs AL WS
— 20|72t 2 A2 70| 0
15

} ] B 2, 2 2EAST 03
SoISe ABTH YR YRS U5 4 AUt o Jsd 28
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al Neural Cultures Dishbrain

Dishbraine

Simulated
Environment:
Pong

External states

OUTPUT

Recording (@

In vitro
Neurons Internal states

Intemal states

@
External states

Free Energy Principle

Neural activity changes in real-time to minimise

INPUT
FEEDBACK o
Stimulaton © o
(]
[*]
[*]

GLOSED-LOOP SYSTEM

Cultured

HD-MEA Chip biological

High-density

multcloctrode array

environmetal unpredictability

neurons

Figure 6: Dishbrain arichitecture?

?Kagan, Brett J. et al. 2022

@ free energy pricipled
HYS H3H ez s5d (Al

@ free energy priciple 24

2 in vitro neurons
a: action: from motor regions
x: simulated environment stats: pong game
s: sensory: to sensory regions

A
sts

24 sensoryOf|

7|9t5t0] in vitro2 dishbraing SH&AIAH pong

32t 242 of7] 22|

predictable or unpredictable feedback

Y — A 210 T2 divergence 2&

Biological Feedback
neurons on Layout Bal resets
HD-MEA 5 o i
§ .
s =
L Feeduskloon

Figure 7: Schematic illustration of the DishBrain feedback loop

@ Predictable feedback: 150 mV and a frequency of 5 Hz
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@ Unpredictable feedback: 42 S0 87l 250
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Biological Neural Cultures Dishbrain
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Network construction
Network construction
=H: AII0|AEE A2 HEQIE 23
- Y HIEYTZ rest AE} U RL 2HSO| HE T} H|R (777)

Channel ID

O timPming®® ®
Culture 2

Embedding

Channel ID

O,
%,
%
“os
° ® Time (min)"® \ %,
Culture 1 1
o 0
3 bz
£ i
2 1,024
o
[] 5

10 15
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P
£ \@
£ N X &
" Network z, [ & o‘&
—_— 4&/ — ‘\ &
/ \ construction ,,

Siwon Yun (BCSC 202 August 10, 2025 17 /22



Biological Neural Cultures Network construction

embedding: t-distributed stochastic neighbor embedding (t-SNE): 3d
2 s (24 22)

042{ cultureA| L}2 |0|E{E embeddingSt 2= &2 M tensor=
Tucker decomposition= HH &5

K-medoids algorithm2 2 3074 &St

Pearson correlationZ node?t weight 24
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Biological Neural Cultures

Result

Gameplay vs Rest

T

Figure 10: Result 1
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Biological Neural Cultures

=== Negative edge (decreasing corr.)
=== Positive edge (increasing corr.)
@  sensory channels

Il Motor channels

Status
== Gameplay
mm Rest
Cc E G o istic path
" ; a
Average weight  Modularity index  C g . Tength
2600 : oso [T o 20000 i 160 i
24.00 ; g : 1.00 i . 7 oo i
2200 i 040 i i 15000 i . i
2000 : 030 : 050 ; i 140 ;
18.00 i i i 100.00 i 130 i
12.00 i i i i i
0.00 H 100 d
10.00 i o i 060 i 0.00 - A
o & 2 o
P 5\1‘“ (\(4‘1 " PR asn a5 1 s w‘"m gsﬂ a‘“ wsﬂ 5‘1 wsﬂ 2 we&"b \1“‘ wet" 51
Time interval Time interval Time interval Time interval Time interval
Fig.4. ivi ing 30 play and (B) Rest i functional

connectivity between channel pairs when comparing the last 2 min to the first 2 min of recordings. Edge colors signify the direction of these connectivity changes, with red
indicating increases and black indicating decreases. Motor and sensory region channels are represented by blue squares and green circles, respectively. Arrows on motor
region nodes show the paddle’s movement direction as per their position in the predefined Iayout in Fig. 1. (C to G) Network summary statistics between the first and last
2 min of Gameplay and Rest recordings using the 30 ive channels in the I space. Al of these metrics except the characteristic path length
showed statistically significant differences using one-way ANOVA during Gameplay (P = 2.265e~3, P = 8478¢ -8, P = 1.891e—6, P = 1.005e—4, and P = 0,071 respectively),
but not in the Rest condition of the cultures (P = 0.864, P = 0.670, P = 0.738, P = 0.281, and P = 0.899, respectively). ***P < 0.001.

Figure 11: Result 2

=]

Y

MEAE AtE

n vitro 3o}

oy
e

iwon Yun (BCSC 202




Dishbrain vs RL

A Electrophysiological
Input

RL algorithm
DishBrain

Stimulation electrode
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Figure 12: Result 3
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Biological Neural Cultures Result

Lto| 442t

SN figure Y= 24A result} ZHAE A2 &= IO S H|CH

@ vs Rest: rest AEH= sensory regionsOf| 22 | OfL|gh. 20|27t
U= AO| FAHE

o vs RL: 32 24 S SZH0l 2A0K2 JHH2D W OIS
HIESA. w7t JH3E OIBAIST T2 R4S wEatAl ofstol,
A 2& 800,000742] 7210] dishbrainOfl ATt 8. = RLZ} node,
edge, weight& H| D31 22 01221 2|07} 818
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