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Autonomy: T'he Essence of Intelligence

Autonomy is the capacity for internal states (in addition to external states) to drive behavior.
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Autonomy is the capacity for (in addition to external states) to drive behavior.
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Autonomy: T'he Essence of Intelligence

Goal:

algorithms for intrinsic motivation
that capture the richness of
Animal autonomy.
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A Neuroscience Dataset for Animal Autonomy
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Mu et al., Cell (2019)

Neurons i
. 7; 100 pm 1
GABA
Neurons
’ Motor
: Neurons
. Af/f
Radial astrocytes 08
25 um 50 pm 'S ym 100 pm aad o 0.7 . (“) (III)
06 I T "
05 -
o
| |
04 l‘
‘ ‘ 1 |
i)
03 \‘
. l"
0.1 active passwe

-5
Time since passivity (s)

Fictive behavior
3.0X playhgck speed Open loop




A Neuroscience Dataset for Animal Autonomy

Mu et al., Cell (2019)

Neurons i
. 7; 100 pm 1
GABA
Neurons
’ Motor
: Neurons
. Af/f
Radial astrocytes 08
25 um 50 pm 'S ym 100 pm aad o 0.7 . (“) (III)
06 I T "
05 -
o
| |
04 l‘
‘ ‘ 1 |
i)
03 \‘
. l"
0.1 active passwe

-5
Time since passivity (s)

Fictive behavior
3.0X playhgck speed Open loop




Virtual Agent Design



vision
encoder

> ¢(It)

Virtual Agent Design



vision
encoder

> ¢(It)

proprio
encoder

> ¢(Jt)

Virtual Agent Design



vision
encoder

> ¢(It)

proprio
encoder

> §b(]t)

L
|

Virtual Agent Design

|




vision
encoder

> ¢(It)

proprio
encoder

> ¢(]t)

L
|

Virtual Agent Design

core module

N

|

> V()




vision
encoder

proprio
encoder

> ¢(It)

> ¢(]t)

L
|

Virtual Agent Design

core module

> V()

I

|

policy

module

> t(a, | hl)




s

.

vision
encoder

> ¢(It)

~

.

proprio
encoder

> ¢(]t) \ >

Virtual Agent Design

~

~\

core module

I

> t(a, | hl)

-
Intrinsic
drive
module

J




vision
encoder

> ¢(It)

proprio
encoder

> ¢(Jt) \ >

Virtual Agent Design

a Y
core module

N

.

£

T
> t(a, | hl)
4 w'x
Intrinsic > 1
drive
module

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

T
world
S St417
N, a’ O
! +1
;T ! L T,
t : : 41
4 \ 4 4

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

Intrinsic Motivation




Virtual Agent Design

vision 8 b 5' I 1d
encoder ~ p(1) core module -~ V(h;) Y e S -
y ' A ol AW
. ¢l‘ ~ C,Zf . Zt‘l :
* hi e
propgio N ¢(Jt) > - |' N v v v N
T : :
o \ - ) rr?cc))dlale > t(a, | hl) 5 | worldmodel | — O,
Intrinsic Motivation
4 w'x o
Intrinsic > I”; ICM
drive
I module
. g y-Progress
@ Homeostatic
. ) _ Disagreement




Virtual Agent Design

vision a R 5' i 1d
"l encoder ~ ¢(It) core module - V(h;) ;S IR
. J : \A¢ / \
5 Pt g a, Pi+1 :
- < hf s N Y AdE Y
i : : 4 : : +1 :
.| proprio . p(J) —— r 1 - P ;
encoder olic 4 5 ho
L ) L ) rrr:odu?/e - (a, | h") i | worldmodel | — b, E
| Intrinsic Motivation
NE-MO Radial ) 1’"
astrocytes A
Neurons ’ intrinsic > I”; ICM
drive
GABA . module MaxEnt 3M-Progress
Neurons 1 g y-Progress
Motor @ Homeostatic
Neurons L ) _  Disagreement




Virtual Agent Design

vision r A ] T
! 7| encoder ~ ) core module -~ V(h;) Y world ., 5. 1= ...
L y : \¢ a VA
: . [ At +1
- - h¢ I e INYR .
] | proprio N ¢(J) o ; : . : : t+1 E
! encoder ! policy ) h7 N :
L ) X y odule ~ 7t(a, | ") 5 [ world model ]—* ¢t+1
e i | Intrinsic Motivation
_ astrocytes g \ -
Newrons intrinsic > I”; ICM
drive
. GABA . _ - 3M-Progress
eurons 1 y-Progress
Motor Homeostatic
Neurons L ) _  Disagreement

Environment / Embodiment ,
head-fixed

6-link articulation (5 DoF)

Low Reynolds fluid approximation
Non-stationary dynamics
Egocentric observations




3M-Progress Captures Behavioral '1ransitions

Env. step (1€6)

10 -
20 -
30-
40 -
50 -
60 -

3M-Progress

AN

y-Progress

- 20

r

ICM Disagreement
b — ! W
) M
Y - T ,
™ o gl W || T 1T P11 TRV IPYTTY TN
Ty T A U = P, — WWWM

Keller et al. 2025



3M-Progress Captures Behavioral '1ransitions

Env. step (1€6)

3M-Progress Disagreement

Ours

Keller et al. 2025



3M-Progress Captures Behavioral '1ransitions

Env. step (1€6)

# Transitions

3M-Progress y-Progress ICM Disagreement

m Active
m Passive

Environment Steps (1€6)

Keller et al. 2025



3M-Progress Captures Behavioral '1ransitions

Env. step (1€6)

# Transitions

3M-Progress y-Progress

ICM Disagreement
| e W
M
TWM
g ¥ | T T THTTI Y P ITY TN
---------- e T T S [T S P S ST =

Ours

m Active
m Passive

Environment Steps (1€6)

- JWIZN

3s

Sebrafish Why existing exploration methods fail

Ours

3M-Progress

y-Progress

Keller et al. 2025



3M-Progress Captures Behavioral '1ransitions

Env. step (1€6)

# Transitions

3M-Progress y-Progress ICM Disagreement

e ) e e LI PR

M

TWM*.‘

| PR ML o LIl

.......... S "

h [l SONV————— |4

Ours m Active 38

= Passive
11T BI1LDD L S obrafish Why existing exploration methods fail
5.0 Ours

. 3M-Progress Intrinsic reward o f(prediction-error)

y-Progress

Environment Steps (1€6)

Keller et al. 2025



3M-Progress Captures Behavioral '1ransitions

Env. step (1€6)

# Transitions

3M-Progress y-Progress ICM Disagreement

. ) VN T it irdrirarenive
"’W
TW”
Sl V' TR TWATH Y ITY (NN

.......... S "

h [l SONV————— |4
ours m Active 38
= Passive
11T BI1LDD L S obrafish Why existing exploration methods fail
5.0 Ours

3M-Progress Intrinsic reward « f(prediction-error)

y-Progress 1. Non-stationary and saturates

Conseguence: transient behavioral strategies,

no policy convergence

Environment Steps (1€6)

Keller et al. 2025



3M-Progress Captures Behavioral '1ransitions

Env. step (1€6)

# Transitions

3M-Progress y-Progress ICM Disagreement

. ) ettt L T RS
W
L N R
Sl V' TR TWATH Y ITY (NN

,,,,,,,,,, S

’ WlZN
Ours = Acive 3s
= Passive
1 min | |
L LLL BRLLELELD L S obrafish Why existing exploration methods fail
5:98 Ours

3M-Progress Intrinsic reward « f(prediction-error)

y-Progress 1. Non-stationary and saturates

Conseguence: transient behavioral strategies,

no policy convergence

7. Rewards aleatoric uncertainty

Conseguence: perseveration on unlearnable and
uncontrollable stimuli.

Environment Steps (1€6)

Keller et al. 2025



Ethological Priors Guide Adaptive Behavior

_____
—"'
-
-
-

IR

S 2 A

Infante Dom Henrique

-
-
-'——
-



Ethological Priors Guide Adaptive Behavior

Wi
_\\‘//'/_

78 Mariner’s Astrolabe

_____
—”‘
-
.*
P

\ 1 7,,0

[

S 7 A ofip

Infante Dom Henrique

-
-
—'——
-




Ethological Priors Guide Adaptive Behavior

_____
—”‘
-
.*
P

\ 1 7,,0

[

S 7 A ofip

Infante Dom Henrique

-
-
—'——
-

What is North for discovering new behaviors?



Ethological Priors Guide Adaptive Behavior

A /
-_"\.\"/z

78 Mariner’s Astrolabe

_____
-="
-
-
-*
-

\ 1 7,,0

[

S 7 A ofip

Infante Dom Henrique

-
-
—'——
-

Ecological Niche




Ethological Priors Guide Adaptive Behavior

A /
-_“\.\"/Z

78 Mariner’s Astrolabe

-----
-="
-
-
-*
-

\ 1 7,,0

[

S 7 A ofip

Infante Dom Henrique

-
-
—'——
-

Ecological Niche




Ethological Priors Guide Adaptive Behavior

-
-
—'——
-

A 72

78 Mariner’s Astrolabe

_____
-="
-
-
-*
-

. __.——Whatisthe most fundamental tool of an explorer? -
C oJiH!HllHIHHilHJ _j RTIITITEI: : D Infante Dom l—/enrique
Y/ ;30 1
Fcological Niche Unseen environment
MDP = (;9,?,5) MDP = (S, A.T)
OO O . . . , o o o
S What is North for discovering new benhaviors? §& <
@?) ngg (’9 09@
5.9 © RN SN
5 & < 5.8 ©
S O 5 O <
> e
o)
S



Ethological Priors Guide Adaptive Behavior

-
-
—'——
-

A 7

78 Mariner’s Astrolabe

-----
—"‘
-
-*
P

[

S 7 A ofip

Infante Dom Henrique

Fcological Niche Unseen environment

MDP := (S, A, T)

g MDP := (S,A,T)
§§ § What is North for discovering new benhaviors? é?é?é?
g &< | | | ST &
L O ' ' RS
ggO@, S The Ecological Niche provides a dynamics prior. RSN
N 5 & <
& S .9
S



Ethological Priors Guide Adaptive Behavior

-
-
—'——
-

S ! 7

78 Mariner’s Astrolabe

[

c fe{ IS I o Unseen environment

Infante Dom Henrique

Ecological Niche

MDP := (S, A, T)

o o o MDP = (S,A,T)
§&& What is North for discovering new behaviors? $8 ¢
SESI The Ecological Niche provides a dynamics prior. g8
TEe 55 o
5 § .S
<
£



Ethological Priors Guide Adaptive Behavior

-
-
—'——
-

3 Ml 72

78 Mariner’s Astrolabe

y e What is the most fundamental tool of an explorer? -
1 % Z T
J— % - /\ Unseen environment
C fio{ TR D .
2 - S Infante Dom Henrique

Ecological Niche

MDP := (S, A, T)

o o o MDP = (S,A,T)
§&& What is North for discovering new behaviors? $8 ¢
SESI The Ecological Niche provides a dynamics prior. g8
T80 55 ¢
5 § .S
<
£



Ethological Priors Guide Adaptive Behavior

-
-
—'——
-

3 Ml 72

78 Mariner’s Astrolabe

_____
-="
-
-
-
-

[

S 7 A ofip

Infante Dom Henrique

Ecological Niche

MDP := (S, A, T)

o o o MDP = (S,A,T)
§&& What is North for discovering new behaviors? $8 ¢
SESI The Ecological Niche provides a dynamics prior. g8
TEe 55 o
5 § .S
<
£



Ethological Priors Guide Adaptive Behavior

-
-
—'——
-

S ! 7

7. Mariner's Astrolabe

)

[

c fe{ IS I o Unseen environment

Infante Dom Henrique

Ecological Niche

MDP := (S, A, T)
QO

o o MDP := (S,A, T)

§SE What is North for discovering new behaviors? $8 ¢
S0 The Ecological Niche provides a dynamics prior. g8
%) 5SS

°.S ' - : o O 5

3 Agents explore using the prior memory as a compass (fixed reference). 0
o)
S

r Qn S/



Ethological Priors Guide Adaptive Behavior

-
-
—'——
-

S ! 7

7. Mariner's Astrolabe

)

[

c fe{ IS I o Unseen environment

Infante Dom Henrique

Ecological Niche

MDP := (S, A, T)
QO

o o MDP := (S,A, T)

§SE What is North for discovering new behaviors? $8 ¢
S0 The Ecological Niche provides a dynamics prior. g8
%) 5SS

°.S ' - : o O 5

3 Agents explore using the prior memory as a compass (fixed reference). 0
o)
S

r Qn S/



Ethological Priors Guide Adaptive Behavior

S Ml 72

7. Mariner's Astrolabe

)

[

S 7 A ofip

-
-
—'——
-

Fcological Niche

O O 9
O O O . . . '
NS What is North tor discovering new behaviors? $88
KNSR . . S
L O : : : 5 o~ O
£E < The Ecological Niche provides a dynamics prior. Sczfng
N . . , 55 ©
gg) Agents explore using the prior memory as a compass (fixed reference). s



Ethological Priors Guide Adaptive Behavior

-
-
—'——
-

A 7

7. Mariner's Astrolabe

I

)

[

S 7 A ofip

Fcological Niche

MDP := (S,A,T)

O O 9
O O O . . . '
NS What is North tor discovering new behaviors? $88
KNSR . . S
L O : : : 5 o~ O
£E < The Ecological Niche provides a dynamics prior. Sczfng
N . . , 55 ©
gg) Agents explore using the prior memory as a compass (fixed reference). s



Ethological Priors Guide Adaptive Behavior

-
-
—'——
-

A 7

7. Mariner's Astrolabe

I

)

[

S 7 A ofip

Fcological Niche

MDP := (S,A,T)

O O 9
O O O . . . '
NS What is North tor discovering new behaviors? $88
KNSR . . S
L O : : : 5 o~ O
£E < The Ecological Niche provides a dynamics prior. Sczfng
N . . , 55 ©
gg) Agents explore using the prior memory as a compass (fixed reference). s



Eithological Priors Guide Adaptive Behavior



Eithological Priors Guide Adaptive Behavior



Ethological Priors Guide Adaptive Behavior

Active Pretraining

Online Exploration
with Ethological Memory




Ethological Priors Guide Adaptive Behavior

ethological

»
£
‘:‘

Active Pretraining

Online Exploration
with Ethological Memory




Ethological Priors Guide Adaptive Behavior

ethological T(s"|s,a)

Active Pretraining

Online Exploration
with Ethological Memory




Ethological Priors Guide Adaptive Behavior

ethological Tl(S/ ‘ S,a) distill via experience

a)H(S/ ‘ Sa a)

Online Exploration
with Ethological Memory




Ethological Priors Guide Adaptive Behavior

ethological Tl(S/ ‘ S,a) distill via experience

a)H(S/ ‘ Sa a)

Online Exploration
with Ethological Memory




Ethological Priors Guide Adaptive Behavior

ethological TI(S, ‘ S,a) distill via experience

wy(S" | S, a)

B unethological

.

Online Exploration
with Ethological Memory




Ethological Priors Guide Adaptive Behavior

ethological Tl(S/ ‘ S,a) distill via experience

nDy(S | S, a)

m unethological T,(s"| s,a)

Online Exploration
with Ethological Memory



Ethological Priors Guide Adaptive Behavior

ethological Tl(S/ ‘ S,a) distill via experience

nDy(S | S, a)

Online Exploration
with Ethological Memory



Ethological Priors Guide Adaptive Behavior

ethological Tl(S/ ‘ S,a) distill via experience

nDy(S | S, a)

Online Exploration
with Ethological Memory



Ethological Priors Guide Adaptive Behavior

ethological Tl(S/ ‘ S,a) distill via experience

3M: Model-Memory-Mismatch

nDy(S | S, a)

Online Exploration
with Ethological Memory




Ethological Priors Guide Adaptive Behavior

ethological T\(s"|s,a) aistill via experience 3M: Model-Memory-Mismatch

nDy(S | S, a)

3M-Progress

niche-seeking niche-avoidance

B unethological TZ(S, ‘ S, a) distill via experience

Online Exploration
with Ethological Memory




Ethological Priors Guide Adaptive Behavior

ethological T\(s"|s,a) aistill via experience 3M: Model-Memory-Mismatch

nDy(S | S, a)

3M-Progress

niche-seeking niche-avoidance

B unethological TZ(S, ‘ S, a) distill via experience

Online Exploration
with Ethological Memory




Ethological Priors Guide Adaptive Behavior

ethological T\(s"|s,a) aistill via experience 3M: Model-Memory-Mismatch

nDy(S | S, a)

3M-Progress

niche-seeking niche-avoidance

B unethological TZ(S, ‘ S, a) distill via experience

Online Exploration
with Ethological Memory




Ethological Priors Guide Adaptive Behavior

ethological T\(s"|s,a) aistill via experience 3M: Model-Memory-Mismatch

nDy(S | S, a)

s'| s, a

3M-Progress e, = —pe,_ 1+ ve

niche-seeking niche-avoidance

B unethological TZ(S, ‘ S, a) distill via experience

Online Exploration
with Ethological Memory




Ethological Priors Guide Adaptive Behavior

ethological T\(s"|s,a) aistill via experience 3M: Model-Memory-Mismatch

nDy(S | S, a)

s'| s, a

3M-Progress e, = —pe,_ 1+ ve

niche-seeking niche-avoidance

B unethological TZ(S, ‘ S, a) distill via experience

Online Exploration
with Ethological Memory




Ethological Priors Guide Adaptive Behavior

ethological T\(s"|s,a) aistill via experience 3M: Model-Memory-Mismatch

nDy(S | S, a)

s'| s, a

rti x | €, — ¢
3M-Progress e, = —pe,_ 1+ ve

niche-seeking niche-avoidance

B unethological TZ(S, ‘ S, a) distill via experience

Online Exploration
with Ethological Memory




Ethological Priors Guide Adaptive Behavior

ethological T\(s"|s,a) aistill via experience 3M: Model-Memory-Mismatch

n@g(S" | S, a)

s'| s, a

rti x | €, — ¢
3M-Progress e, = —pe,_ 1+ ve

niche-seeking niche-avoidance

B unethological TZ(S, ‘ S, a) distill via experience

Online Exploration
with Ethological Memory




Model-Brain Alignment

SMP Agent Predicts Whole-brain Single-cell Activity

- Inter-Animal Alignment
Passive Transition
= Active Transitions

& & D > O N
e & O & B W
\ \ X O
S S N & o g
O O & O S
§« N c§°® oy
@ QO
* ¥ &

Keller et al. 2025



Model-Brain Alignment

SMP Agent Predicts Whole-brain Single-cell Activity

Same-species consistency (one-to-one)
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Agent Zebrafish

The promise of Embodied NeuroAl
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