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Physical Al

Limitation

The robot does not know how to explore.

® Same action repeated ® / No adaptive
exploration ® / no belief update ®

Exploration and goal-directed behavior

® Robots should not only imitate demonstrations
B They must explore when uncertain

B And act toward goals when confident

What computational principle governs such behavior?
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Active inference [Friston, Nat. Rev. Neurosci. 2010]

Free-energy principle

Variational free energy (VFE) as a tractable proxy

Attention and biased competition

m Surprise —logp(o;) is intractable i

Optimization of synaptic gain At Minimization of sensory
representing the precision W | prediction errors
(salience) of predictions - =

- Computational motor control
a=-0,¢

Predictive coding and hierarchical inference
= Db - 9 £0TEN — E b+

Minimization of prediction error
with recurrent message passing

Associative plasticity

T T
/‘a““'aff

(]

® VFE F provides an upper bound on surprise

@ Optimal control and value learning

g a, u=arg max V (3|m)

The Bayesian bmm hypothesis
= arg min Dy (q(9)ll (P(913))

N Minimizing the difference between a
L recognition density and the conditional
density on sensory causes

Optimization of synaptic efficacy

O F =Egg,Hlnq(z,) —Inp(og, z¢)]

g = arg min Jth

Optimization of synaptic efficacy

= Dkilq(z)|lp(z¢]or)] —logp(or)
> —logp(o;)

The free-energy principle
Infomax and the redundancy

a, y, m=arg min F (5,u|m) minimization principle
I Minimization of the free energy of > i =arg max (I (5,u)- Hu))

Probabilistic neuronal coding

q(9)=N (#.2) ' sensations and the representation o
Encoding a recognition density 4 of their causes _h/lfa)amlzta_xtlort\J Otf\;he mutualt‘
in terms of conditional ] W Y 4 information between sensations

and representations

expectations and uncertainty Model selection and evolution

m = arg min jth

B Minimizing VFE approximates surprise

Optimizing the agent’s model and
priors through neurodevelopment
and natural selection

minimization .
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ACtive inference [Friston+, Cognit. Neurosci. 2015]

Variational free energy and expected free energy

Cognitive functions for minimizing free energies

B Perception & learning: Minimization of VFE F at past and present

0 Upper bound on surprise —logp(o¢) F = DxiLla(z)||p(z¢|o)] — logp(or) = —logp(or)
0 Equivalent to the negative of ELBO F = Dxpla@)|lp(z0)] — Eq(z,llogp(ot|z;) ]

B Action: Minimization of expected free energy (EFE) G at future t > ¢
0 Policy  represents action sequence ay.r
o Preference distribution p(o;)
G(1) = —Eq(o,n)| Pxrlq (e |07, M1 (2 |m)]| = Eq(o,m[log B07)]

Epistemic value Extrinsic value
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Active inference [Smith+, J. Math. Psychol. 2015]

Classical implementation of active inference

Matrix representation of each distribution

B p(ols;) = Cat(A)
B p(ses1ls,m) = Cat(By )

. . . . B p(s1) = Cat(D) Factors

. A ma-trIX for IlkeIIhOOd mapplng B p(n) = Cat(E) (likelihood and empirical priors)
. - © 6 0O

m B matrix for state transition o B0

m C matrix for preference

m D matrix for initial state prior 5
m E matrix for policy distribution %

| | [
Limited to toy problems (e.g., T-maze) L
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AC'[ive inference [Heins+, J. Open Source Software 2022]

Classical implementation of active inference

Matrix representation of each distribution R e

7 # create a simple model with one hidden state factor, and one
observation modality

9 n_obs = 3

m A matrix for likelihood mapping o

12 A = utils.obj_array (1)

inv_temperature = 0.5
9 A[0][:,2] = maths.softmax(inv_temperature* A[0][:,2])

13 A[0] = np.array([[1.0, 0.0, 0.0],
14 [0.0, 1.0, 0.0],
1 [0.0, 0.0, 1.011)
° ° . 16
. B matrIX for State tranSItIOn 17 # introduce uncertainty into one of the hidden states
18
1

1 # create a simple transition model with two possible actions

M 23 B = utils.obj_array (1)
m ( matrix for preference 1 TS
2€ # first action leads to first two states with uncertainty
27 B[0J[:,:,0] = np.array([[0.5, 0.5, 0.5],
f[0.s, 0.5, 0.51,
0.0, 0.0, 0.011)

m D matrix for initial state prior i

B[0][:,:,1] = np.array([[0.0, 0.0, 0.0],
[0.0, 0.0, 0.0],
[1.0, 1.0, 1.011)

. ) . ° ° c # specify prior preferences (C vector)
m E matrix for policy distribution | s
# specify prior over hidden states (D vector)

! D = utils.obj_array (1)
1 D[0] = utils.onehot (1, n_states)

# instantiate your agent with a call to the ‘Agent()‘ constructor
my_agent = Agent (A=A, B=B, C=C, D=D)

Limited to toy problems (e.g., T-maze) e i e s e s e s i

probabilistically, and observation is deterministic function of the
state except for state 2, where it’s randomly sampled
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Deep active inference

DNN implementation of active inference

Scaling up active inference to real-world problems
[Ueltzhoffer, Biol. Cybern. 2018; Mazzaglia+, Entropy 2022]

® World modeling
O Recurrent state-space model (RSSM) [Hafner+, ICML 2019]

0 Predictive coding-inspired variational recurrent neural network (PV-RNN)
[Ahmadi+, Neural Comput. 2019]

® Policy modeling
o Diffusion/flow-matching-based policies (diffusion policy, streaming flow policy, ...)
0 Transformer-based policies (ACT, BeT, VQ-BeT, ...)
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Deep active inference

Generative world models

RSSM representing state transition and likelihood mapping

Ot—1

B | atent State z; = {d;, S}

o de ~po(delze—q,ar-1)
> d; = GRU(z;-1,a¢-1)

o PI’IOI’ St ~ pg (Stldt)

. POSterior St ~ q¢ (St | dt, Ot) \_t_‘ \_*_‘ \_T_. }4dmensons

O Observation o; is replaced
with image feature from CNN

m |ikelihood pg(0¢|z;) Fe = Dxv[qg (stlde, 00)lIpa(selde)] — Eqy(sildp00 [108 Do (0 ]2t)]

4 classes
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Deep active inference [Fujii & Murata, ICDL 2023]

Multiple Timescale RSSM (MTRSSM)

Introduction of multiple timescales

B Trained to minimize VFE

0 Long-horizon action-conditioned video predictions

B—8—a nputs
TR R T T B PNERPT TR QPTTR
VoA - S | Lol IPEEOESE

T

-
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Deep active inference [Yokozawa, Fujii, Nomura & Murata, arXiv 2025]

Multiple Timescale RSSM (MTRSSM)

Model SSIMt PSNRf LPIPS{

Metrics: PSNR / SSIM / LPIPS

MTRSSM 0.458 14.321 0.138

" MTRSSM RSSM 0.371  13.119 0.182

o OQutperforms all baselines on all metrics H-RSSM 0.334  12.058 0.205
CW-RSSM

B RSSM [Hafner et al., ICLR 2020] (interval : 8) 0.403 13.509 0.165

O Unable to learn long-term temporal dependencies _
9 P P BHHRSE 0.387 13.403  0.184
H-RSSM (interval : 16)
H _
CW-RSSM 0.303 12.469 0232
o Worse than RSSM (interval : 32)
CW-RSSM
B CW-RSSM [saxena et al., NeurIPS 2021] (interval : 64) 0.396  13.477 0.174
o Temporal hierarchy improves over RSSM CW-RSSM 0360 13122  0.219

(interval : 128)
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Deep active inference [Yokozawa, Fujii, Nomura & Murata, arXiv 2025]

Multiple Timescale RSSM (MTRSSM)

Introduction of multiple timescales

B Trained to minimize VFE

Target

Imagination
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Deep active inference

Generative policies

Sampling multiple candidate action sequences

B e.g. Diffusion policy [Chi+, RSS 2023]

1 1-ag AN \
O Qi1 = \/?k(at,k - \/?C—(I(EH(OD At k) k) ) T €k @ WA

_ Diffusion Policy LSTM-GMM BET IBC
o Ay = At—_1:t+Tg
Ot = Ot—1:t

o €, ~N(0,07])
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Deep active inference [lgari, Fuijii, Haddon-Hill & Murata, IWAI 2024]

Approximation of expected free energy

Approximating expectation with Monte Carlo sampling
B Expected free energy
G:(m) = Ego,, s, |m)ll0g q(s|m) —logp(or, s:|m)] = —Eg o i) [Dxrla(sc |0, Mg (s |T)]] = Eq o, ) [log p(0-|C)]

m  Approximate expected free energy

M N
1 y Ny
Gela) = 7> > =Dy fag (selde, 6 lIpo (seldo)] — logp(o}’[0)}

i=1j=1
o Sample s; ~ q¢ (s¢lde, 0.) from the posterior given the current observation (M samples).
o From each s{, generate a sequence of priors by latent imagination: pj (s;111d¢+1), -, Do (Sear, |desr, )-

O At each time step, samplesi’j ~ ph(s.ld;) (N samples).

o FromzY = {dT, si'j}, generate predicted images 4. using the likelihood model and compute the posterior.
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Active vision [Haddon-Hill & Murata, ICANN 2024]

VAE-based framework

Determine the next viewpoint v, ., from past observations o,

Instrumental Value Epistemic Value

B Represent the environment state as a scene s

Approximate posterior

of previous step [1%
Q¢(S|00:k717v0:k71) E

0 How are the objects arranged

B

in the scene? ._ }

.c ”'l itk *@{ q

0 Needto |.ntegrate multiple Approximate Vi1 { . }

observations | ” 5

? ! e

L] Replace the pOIicy T in EFE With Control < L%CD_ EgE <_AQ¢(Sf)Ozk+1,VO:k+1)T _____
p(Vk+1) — U(—’YG(VkJrl)) pproximate posterior

of imagined future

the next viewpoint v 4
G(Vks1) = —Eé¢ [DKL[Q¢(5|OO:R+1:vo:k+1)||qu(S|00:k: Vo:k)]] — IEQ¢ llog P(0)]

where, 0 = Qp(00u+1lv0xs1) EpPistemic value Extrinsic value
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Active vision [Haddon-Hill & Murata, ICANN 2024]

Belief update mechanism

Instrumental Value

Approximate posterior

of previous ste
p p —)pq’) .
Qs(s|00:k-1, Vo:k-1) E

62(:')(S|0(‘):kav('):k) —> S ™

Epistemic Value

Belief update mechanism
2 2
Ocur * Hobs T O0ops * Heur

= 2 2
Olur T O5ps

Approximate Vi+1

)

posterior
1_1 1 K
a2 Obur  Ofps
m Output of encoder is combined with ?
. . il } | EFE =
previous posterior. — G <“—Q4(s]|00:k+1, Vork+1)
m Each new observation accumulates Action

Approximate posterior
of imagined future

evidence for the overall scene composition. P(Vi+1) = 0(=7G(Vi41))

Fig: Overview of approach

2026/3/11 Workshop on Cognitive Neurorobotics: Deep Active Inference for Real-World Robotic Systems




Active vision [Haddon-Hill & Murata, ICANN 2024]

Analysis of reconstructions and epistemic values

EpiStemiC Only G(Vi+1) = —Ep, [DKL[Q¢(5|00:k+1»vo:k+1)||Q¢(S|00:k»Vo:k)]] — Eg,llog P(0)]
. . Epistemic Extrinsic
B Viewpoints
. Obs. Epistemic Obs. Recon. Epistemic
0 Previously selected Ak o
o Current H ! ' f
F. S = L& = -

B t-9

| |
H i' ‘ i;ﬁﬂﬂe
|

|

>,
T

O Future i* d

B Collect observations to
E E ad '{'*H

infer the scene
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Active vision [Haddon-Hill & Murata, ICANN 2024]

Analysis of reconstructions and epistemic/extrinsic values

Full EFE (epistemic + extrinsic) ~ ©bs  Recon.  Epistemic  Extrinsic

B Viewpoints

0 Previously selected

O Current

O Future

Goal 0gal

m Collect observations to infer the
scene representation Q4 (s| -), while
reaching the target image.

- 18
f
§
f
f
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N aviga'[ion [Yokozawa, Fujii, Nomura & Murata, arXiv 2025]

Switching or balancing between exploration and goal-directed behavior

Exploration Goal-directed behavior
(:‘ ’\ '\ l"‘- ’: * Autonomous
) " / switching




N aVigatiOn [Yokozawa, Fujii, Nomura & Murata, arXiv 2025]

Deep generative mode-based framework

Deep active inference with diffusion policy and MTRSSM

2. Simulate States

a1 H a; n Epistemic Value
Ot—1:t

Extrinsic Value
h h
@ @
d! d!
a, . .

Epistemic Extrinsic Epistemic Extrinsic
Value Value Value Value

2026/3/11 Workshop on Cognitive Neurorobotics: Deep Active Inference for Real-World Robotic Systems



N aVigation [Yokozawa, Fujii, Nomura & Murata, arXiv 2025]

Video

Autonomous goal reaching

Goal image
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Navigation

Action evaluation based on EFE

[Yokozawa, Fujii, Nomura & Murata, arXiv 2025]

Early in the actlon

timestep 0

-

Candidate az:tiiron1 Candidate actions

timestep 0

-

@ Candidate action 3 Candidate aztion 4

Mental simulation inside the world model

2026/3/11

Current observation Current position

0,00 T . 0w |
-0.25/
-0.75/
—-1.001
6 ~1.25/
4 -1.50/
2
0

-1.75

—-2.00{ , . .
1 2 3 4 1 2 3 4

Epistemic value Extrinsic value
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N aVigatiOn [Yokozawa, Fujii, Nomura & Murata, arXiv 2025]

Action evaluation based on EFE

Later in the action

timestep 0 timestep 0

Candidate action1 Candidate actions Current observation Current position
i timestep 0
2501 101 50|
2001 81 —100!
=0 6] -150/
1001 4 -200'
0] 2| ~250!
°1 2 3 4 0o a A B 35 4
Y Candidate action 3 Candidate action 4 EFE Epistemic value Extrinsic value
Mental simulation inside the world model
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Object manipulation [Fujii & Murata, RA-L 2026]

Problem setting

An environment with diverse state transitions
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Object manipulation [Fujii & Murata, RA-L 2026]

Challenges in real-world robots

Combinatorial explosion of state transitions Grs2

a‘r+1

B Many possible actions at each time step

B Dijverse state transitions generated
by those actions

B EFE must be evaluated over a huge number
of trajectories

T T+1 T+ 2 T+ 3
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Object manipulation [Fujii & Murata, RA-L 2026]

Hierarchical solution

World model (WM)

m State inference and prediction
o Coarse dynamics state c;
0 Fast dynamics state z;

Action model (AM)

B | earn abstract actions 4,

Abstract world model (AWM)

B Predict the next slow-timescale state cp eyt
from the current states c;, z; and abstract action A,

Ay

B>
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[Fujii & Murata, RA-L 2026]

Object manipulation

Action generation based on EFE minimization using abstract actions

B Predict next states {crilext}livzofrom each abstract action {Aﬁ}f’: )

® Compute the EFE {G;}I_, for each slow-timescale state {crﬁext}livzo

m Select the abstract action A28 ™" 9 with the minimum EFE

B Generate the actual action using the action model

YIRS

A9 —AL FA?
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Object manipulation [Fujii & Murata, RA-L 2026]

Action execution by the real robot

Actual action generation to reach the goal 97% reduction in
compytation time
B Choose the abstract action with the minimum EFE Planning w/ AWM: 2.4 ms

Planning w/ WM: 71.8 ms
= Decoded to the actual action and executed on the robot

x10%

Abstract action index

Prediction with
Initial Goal minimum EFE

e
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ReformUIating the ObjeCtiveS [Fujii, Isomura & Murata, IWAI 2024]

Introducing contrastive learning

Key idea O
B Features that are easy to extract °
O Reconstruction learning - large structures "
(e.g., background) AR
O Contrastive learning - small objects I
- The agent’s attention may shift
Reconstruction Contrastive

Combining reconstruction and contrastive learning
B Propose a new upper bound on surprise

o Original F = Dgilq(z))||lp(z¢|os)] —logp(os) = —logp(o,)
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RefOrmUIating the Objectives [Fujii, Isomura & Murata, IWAI 2024]

Novel upper bound on surprise

Free energies controlled by

® Upper bound on surprise (and on VFE) at time t: F,

O F, £ a- Dgulq(zd)|lp(z)] — Eqz) [logp(o¢lze)] — (@ — 1) - Ince(Zt; Op)
> a - Dgrlq(ze)|lp(z¢|og)] —logp(or) = —logp(os)

B Extension to future time 7: G,
o G, = _Eq(or) [DKL[CI(Zrlor: )”CI(ZT)]] - [Eq(or) [logp(0)] — (@ —1) - TNCE(ZT; O;)

m o = 1 > Reconstruction learning only (standard free energy)

m o >» 1> Contrastive learning only (Contrastive free energy [Mazzaglia+, NeurlPS 2022])
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ReformUIating the ObjeCtiveS [Fujii, Isomura & Murata, IWAI 2024]

Model components

World model

m |nfer latent state z, from observation o,
B Train to minimize F,

o F, =a-Dgplq(z)||p(ze)] — Eq(z) [logp(o¢|z¢)] — (@ — 1) - Ince(Zt; Op)

Action model

® Generate action a, from latent state z, 6 >

® Train to minimize G,

> Ga = _[Eq(or) [DKL[q(ZTloT)”q(ZT)]] - [Eq(or) [log ﬁ(or)] - (“ - 1) ) iNCE(Zr} 01:)
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RefOrmUIating '[he Objectives [Fujii, Isomura & Murata, IWAI 2024]

Simulation experiment

Reacher-hard task

Reacher Hard

B “Contrastive” achieves the best o I
. ——— ; a=10°
episode reward the fastest goon o
B Best performance with ° P Collected episodes 0
Ball-in-cup task
] . Cup Catch
B Performance improves in a Sg00 — Il
similar manner s
-8400 —— contrastive m_/_/ =
0 f ith 57 A
Best performance wit 05 = - T, —5 200

Collected episodes
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RefOrmUIating '[he Objectives [Fujii, Isomura & Murata, IWAI 2024]

Simulation experiment

Agent attention in the ball-in-cup task

observation a=1 a = 10%

m o = 1 (reconstruction only)

0 Upper and lower parts of the cup and the ball

0 Upper and lower parts of the cup and the ball
Best performance
o Cup, shadow, and string @ =10° a=10* contrastive

B Contrastive (contrastive only)

0 Upper and lower parts of the cup and the ball
0 Cup and shadow
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