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Collective Cognition 

The ability of a group of individuals to process 
information and act as a unified system

Communication, knowledge aggregation, and 
synchronisation as organisation mechanisms

Top-down and bottom-up as organisation forms
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An exemplificative case
(somewhere in time…)
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Classical vs Bayesian approach
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Active Inference in Nutshell (1/2)
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M A R K O V  B L A N K E T  A S S U M P T I O N

𝒔 and 𝒙 are statistically independent because of 𝒐 and 𝒂
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Active Inference in Nutshell (1/2)
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7

Active Inference in Nutshell (1/2)
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A P P R O X I M A T E  P O S T E R I O R

a feasible way to invert the Generative Model:

𝑄 ( 𝒔 , 𝒂 ) ≈ 𝑃 𝒔 , 𝒂 | 𝒐

External states

M A R K O V  B L A N K E T  A S S U M P T I O N

𝒔 and 𝒙 are statistically independent because of 𝒐 and 𝒂
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Active Inference in Nutshell (2/2)
T H E  F R E E  E N E R G Y  P R I N C I P L E

P e r c e p t i o n : to approximate the true posterior we can 

minimise the variational free energy:

0 ≤ 𝐷!" 𝑄 𝒔 , 𝒂 ‖ 𝑃 𝒔 , 𝒂 | 𝒐 = 𝑙 𝑜 𝑔𝑃 𝒐 + 𝐹 𝑄 𝒔 , 𝒂

⟹ 𝐹 𝑄 𝒔 , 𝒂 ≥ − 𝑙 𝑜𝑔𝑃 𝒐
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Active Inference in Nutshell (2/2)
T H E  F R E E  E N E R G Y  P R I N C I P L E

P e r c e p t i o n : to approximate the true posterior we can 

minimise the variational free energy:

0 ≤ 𝐷!" 𝑄 𝒔 , 𝒂 ‖ 𝑃 𝒔 , 𝒂 | 𝒐 = 𝐹 𝑄 𝒔 , 𝒂 + 𝑙 𝑜 𝑔𝑃 𝒐

⟹ 𝐹 𝑄 𝒔 , 𝒂 ≥ − 𝑙 𝑜𝑔𝑃 𝒐

A c t i o n : the most likely course of active states minimises the 

expected free energy:

𝐺 𝒂 ≅ 𝐷!" 𝑄 𝒐 𝒂 ‖ 𝑃 ( 𝒐 ) + 𝔼 # ( 𝒔 | 𝒂 ) 𝐻 𝑃 ( 𝒐 | 𝒔 )

risk expected ambiguity
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Active inference agents in flock
A generative model

𝑃 𝒔 𝒕 , 𝒐 𝒕 , 𝒂 𝒕 = 𝑃 𝒐 𝒕 𝒔 𝒕 𝑃 𝒔 𝒕 𝒂 𝒕 𝑃 ( 𝒂 𝒕 )

with a hybrid definition combining: 

§ lattice spin glass methods (Potts model):

𝒔𝒕 ∈ ↑,→, ↓, ← ,

𝒐𝒕 = ⋃𝒋#𝟏
𝟖 𝝈𝒕

𝒋 ,  with 𝝈𝒕
𝒋 ∈ ↑,→, ↓, ←
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Active inference agents in flock
A generative model

𝑃 𝒔 𝒕 , 𝒐 𝒕 , 𝒂 𝒕 = 𝑃 𝒐 𝒕 𝒔 𝒕 𝑃 𝒔 𝒕 𝒂 𝒕 𝑃 ( 𝒂 𝒕 )

with a hybrid definition combining: 

§ lattice spin glass methods (Potts model);

§ the free energy principle for transition:

𝑃 𝒂𝒕 = 𝑠𝑜𝑓𝑡𝑚𝑎𝑥 −𝛾𝐺(𝒂𝒕)

precision
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Active inference agents in flock
A generative model

𝑃 𝒔 𝒕 , 𝒐 𝒕 , 𝒂 𝒕 = 𝑃 𝒐 𝒕 𝒔 𝒕 𝑃 𝒔 𝒕 𝒂 𝒕 𝑃 ( 𝒂 𝒕 )

with a hybrid definition combining: 

§ lattice spin glass methods (Potts model);

§ the free energy principle for transition;

§ Reynolds’rules (computer graphics) for likelihood mappings:

𝑃 𝒐𝒕 𝒔𝒕 = ∏&#'
( 𝑃(𝝈𝒕

𝒋 𝒔𝒕 and 𝑃(𝝈𝒕
𝒋 𝒔𝒕 ∝ 𝑒𝑥𝑝 −𝑅(𝑗)

with   𝑅 𝑗 =

𝑣), velocity matching

𝑐+, collision avoidance

𝑓, , Qlock centering
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Active inference agents in flock
A generative model
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Active inference agents in flock
A generative model

𝑃 𝒔 𝒕 , 𝒐 𝒕 , 𝒂 𝒕 = 𝑃 𝒐 𝒕 𝒔 𝒕 𝑃 𝒔 𝒕 𝒂 𝒕 𝑃 ( 𝒂 𝒕 )

with a hybrid definition combining: 

§ lattice spin glass methods (Potts model);

§ the free energy principle for transition;

§ Reynolds’rules (computer graphics) for likelihood mappings:

𝑃 𝒐𝒕 𝒔𝒕 = ∏&#'
( 𝑃(𝝈𝒕

𝒋 𝒔𝒕 and 𝑃(𝝈𝒕
𝒋 𝒔𝒕 ∝ 𝑒𝑥𝑝 −𝑅(𝑗)

with   𝑅 𝑗 =

𝑣), velocity matching

𝑐+, collision avoidance

𝑓, , Qlock centering

In our simulations, 𝑣) = 4, 𝑐* = 2, and 𝑓+ = 1 .
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Flocking as Joint Agency

gradual alignment of 100 birds over 8 steps

a higher-level 
Markov Blanket 
(MB) for flock

Emergent MB in the time window with 𝐭 ∈ {1,… , 6}

• Lattice size 10x10; one active inference agent (bird) per cell.

• Random 70 out of 100 birds updated at every time step

• Markov Blankets (MB) detected by using spectral techniques

a Markov Blanket 
(MB) for a single bird



17

Extending the GM to escape from predators

and the related stress observations 𝝈𝒕
𝒋∗

𝝈 𝒕
𝒋 - = 𝝈 𝒕

𝒋⨂𝝈 𝒕
𝒋 ∗ with 𝝈 𝒕

𝒋 ∗ ∈ { 0 , 1 }

Let’s add a ’stress state’ 𝒔𝒕∗ to the model:

𝒔 𝒕- = 𝒔 𝒕⨂𝒔 𝒕∗ with 𝒔 𝒕∗ ∈ { 0 , 1 }
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Extending the GM to escape from predators
Let’s add a ’stress state’ 𝒔𝒕∗ to the model:
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𝝈 𝒕
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Extending the GM to escape from predators
Let’s add a ’stress state’ 𝒔𝒕∗ to the model:

𝒔 𝒕- = 𝒔 𝒕⨂𝒔 𝒕∗ with 𝒔 𝒕∗ ∈ { 0 , 1 }

whose activation decays with a constant 𝝉 and a refractory period 

𝑻𝒓 after a ‘danger’ occurs in its neighbourhood at the the time ̅𝑡: 

𝑃 𝒔𝒕∗ = 1 𝒔𝒕#𝟏∗

1

0

𝑡̅𝑡 ̅𝑡 + 𝜏 ̅𝑡 + 𝜏 + 𝑇!

𝒔𝒕#𝟏∗ 𝒔𝒕#𝟏∗

In our simulations, 𝜏 = 2 and 𝑇4 = 10.
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Extending the GM to escape from predators

𝑃 𝝈 𝒕
𝒋 𝒔 𝒕 , 𝒔 𝒕∗ =

𝑃 𝝈 𝒕
𝒋 𝒔 𝒕 , 0 = 𝑃 𝝈 𝒕

𝒋 𝒔 𝒕

𝑃 𝝈 𝒕
𝒋 𝒔 𝒕 , 1 = 1 − 𝑃 𝝈 𝒕

𝒋 𝒔 𝒕

Let’s add a ’stress state’ 𝒔𝒕∗ to the model:

𝒔 𝒕- = 𝒔 𝒕⨂𝒔 𝒕∗ with 𝒔 𝒕∗ ∈ { 0 , 1 }

whose activation decays with a constant 𝝉 and a refractory period 

𝑻𝒓 after a ‘danger’ occurs in its neighbourhood at the the time ̅𝑡: 

In our simulations, 𝜏 = 2 and 𝑇4 = 10.
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Sensing and escaping predators in the flock

A predator (white bird) arrives at ̅𝑡& = 5 and
̅𝑡' = 35, at two distinct, random locations.

results of 500 simulations lasting 60 time steps

̅𝑡& ̅𝑡'
605040302010
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Partial Information Decomposition

𝐼56 𝑡 = 𝐼 𝑋5 𝑡 , 𝑋6 𝑡 ; 𝑌 𝑡
𝐼5 𝑡 = 𝐼(𝑋5 𝑡 ; 𝑌 𝑡 ) 𝐼6 𝑡 = 𝐼(𝑋6 𝑡 ; 𝑌 𝑡 )

𝑋() 𝑡 ∈ {↑,→, ↓,←}
𝑋*) 𝑡 ∈ {↑,→, ↓,←}

𝑌) 𝑡 ∈ {1,… , 4}

1

𝑘

1000

Q1

Q2

Q3

Q4

𝑅56 𝑡 = min 𝐼5 𝑡 , 𝐼6(𝑡)

𝑈5 𝑡 = 𝐼5 𝑡 − 𝑅56(𝑡) 𝑈6 𝑡 = 𝐼6 𝑡 − 𝑅56(𝑡)

𝑆56 𝑡 = 𝐼56 𝑡 − 𝑅56 𝑡 − 𝑈5 𝑡 − 𝑈6 𝑡

𝑋59 𝑡 ~𝑋5 𝑡 , 𝑋69 𝑡 ~𝑋6 𝑡 , 𝑌9(𝑡)~𝑌(𝑡)



Information decomposition about predator location

• PID atoms remain zero, except for synergy

• Only the synergy with Predator 2 appears significant

• Synergies decrease as spatial separation increases
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Conclusions & Takeways

T h e  f l o c k  e x h i b i t s  c o l l e c t i v e  k n o w l e d g e  b e y o n d  i n d i v i d u a l  b i r d s

§ T h e  f l o c k  e m e r g e s  a s  a  c o l l e c t i v e  a g e n t  ( j o i n t  a g e n c y )  w i t h  i t s  o w n  
s t a t i s t i c a l  b o u n d a r y  ( n e s t e d  M a r k o v  b l a n k e t )

§ F l o c k s  r e s p o n d  m o r e  r a p i d l y  t o  t h r e a t s  w h e n  o r g a n i z e d .  L a r g e r  f l o c k s  r e a c t  
f a s t e r  a n d  m o r e  e f f e c t i v e l y

A c t i v e  I n f e r e n c e  a s  a  d e e p l y  i n t e g r a t i v e ,  p r i n c i p l e d ,  a n d  b i o - i n s p i r e d  
f r a m e w o r k ,  a l s o  f o r  c o l l e c t i v e  b e h a v i o u r.

I m p l i c i t  c o l l e c t i v e  c o g n i t i o n  a r i s e s  w i t h o u t  e x p l i c i t  m o d e l s

§ f l o c k i n g  r e q u i r e  n o  s h a r e d  i n t e n t i o n s  a n d  b e l i e f s

§ S u g g e s t s  a  m u l t i - s c a l e  j o i n t  a g e n c y  i n  m o r e  c o m p l e x  s y s t e m s
24
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POMDP generative model


