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Recent progress

2026/3/11 Workshop on Cognitive Neurorobotics: Deep Active Inference for Real-World Robotic Systems 1

Physical AI

•Vision-language-action (VLA) model

RT-X (Google DeepMind)

Large behavior model (TRI)

𝜋 series (Physical Intelligence)
Figure 1: ⇡0.6 model architecture.

4 Evaluations

We present evaluation results comparing ⇡0.6 with the improved version of ⇡0.5 trained with Knowl-
edge Insulation (open-sourced at openpi [4]). Neither models underwent task-specific fine-tuning.
We refer to such evaluation setting where the models are not post-trained to perform well on spe-
cific task as out-of-the-box evaluation. The evaluation metrics include task success rate or progress,
and throughput defined as the number of successes per hour. Standard error is shown through the
error bars in the figures.

Static tasks. Figure 2 shows the results on tasks including shirt folding (shirt initially flat on
the table), laundry folding (T-shirts and shorts initially in a basket), box assembly, and table
bussing, performed with static robot platforms. These tasks were introduced in the ⇡0 paper.
Across tasks, ⇡0.6 shows significant improvement over ⇡0.5 in speed and often success rates. The
biggest di↵erences lie in laundry folding and box assembly — previously these two tasks require
fine-tuning with high-quality data to achieve non-zero success rates. ⇡0.6 can out-of-the-box fold
laundry reliably, and fully assemble the box 20% of the time.

Figure 2: Out-of-the-box evaluation results in static tasks. ⇡0.6 improves speed in all tasks and is
able to fold laundry consistently and sometimes fully assemble the box.
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Limitation
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Physical AI

•The robot does not know how to explore.
Same action repeated L / No adaptive
exploration L / no belief update L

•Exploration and goal-directed behavior
Robots should not only imitate demonstrations

They must explore when uncertain

And act toward goals when confident

•What computational principle governs such behavior?



Free-energy principle

•Variational free energy (VFE) as a tractable proxy

Surprise − log 𝑝 𝑜! is intractable

VFE 𝐹 provides an upper bound on surprise

𝐹 = 𝔼! "! ln 𝑞 𝑧# − ln 𝑝 𝑜# , 𝑧#
= 𝐷$% 𝑞 𝑧# ||𝑝 𝑧#|𝑜# − log 𝑝 𝑜#
≥ − log 𝑝 𝑜#

Minimizing VFE approximates surprise
minimization
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Active inference [Friston, Nat. Rev. Neurosci. 2010]



Variational free energy and expected free energy

•Cognitive functions for minimizing free energies

Perception & learning: Minimization of VFE 𝐹 at past and present
Upper bound on surprise − log 𝑝 𝑜! 𝐹 = 𝐷"# 𝑞 𝑧! ||𝑝 𝑧!|𝑜! − log 𝑝 𝑜! ≥ − log 𝑝 𝑜!
Equivalent to the negative of ELBO 𝐹 = 𝐷"# 𝑞 𝑧! ||𝑝 𝑧! − 𝔼$ %! log 𝑝 𝑜!|𝑧!

Action: Minimization of expected free energy (EFE) 𝐺 at future 𝜏 > 𝑡
Policy 𝜋 represents action sequence 𝑎&:(
Preference distribution 1𝑝 𝑜)
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Active inference [Friston+, Cognit. Neurosci. 2015]

Epistemic value Extrinsic value

𝐺(𝜋) = −𝔼$ *"|, 𝐷"# 𝑞 𝑧)|𝑜), 𝜋 ||𝑞 𝑧)|𝜋 − 𝔼$ *"|, log 1𝑝 𝑜)



Classical implementation of active inference

•Matrix representation of each distribution

𝐴 matrix for likelihood mapping

𝐵 matrix for state transition

𝐶 matrix for preference

𝐷 matrix for initial state prior

𝐸 matrix for policy distribution

•Limited to toy problems (e.g., T-maze)
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Active inference

R. Smith, K.J. Friston and C.J. Whyte Journal of Mathematical Psychology 107 (2022) 102632

Fig. 7. This figure reproduces the same graph shown in Fig. 6 to illustrate the link between message passing and policy selection in active inference. Top: As in Fig. 6,
these equations specify the factors that constitute the factorized generative model, and the numbers in the green squares highlight the correspondence between the
equations and the factors represented by the normal factor graph below. Middle Belief update equation for inferring the posterior over policies. Purple numbers
indicate the correspondence between terms within the update equation and the messages passed between each factor shown in the factor graph. Bottom: Normal
factor graph representation of message passing in the context of inference over policies. Red dotted lines show partition functions of the graph, which are used
to construct the free energy approximations to the probability of current observations conditioned on policies, � ln p (o⌧ |⇡) ⇡ F⇡,⌧ , and the expected probability of
future observations conditioned on policies, �Eq(o⌧>t ,s⌧>t |⇡ ) [ln p (o⌧>t |⇡)] ⇡ G⇡ ,⌧ . The factors F⇡,⌧ and G⇡ ,⌧ then become the messages (shown by the purple arrows)
sent from the two transition probability factors (B⇡ ,⌧�1 and B⇡ ,⌧ ) that converge on the equality constraint node (connecting the B⇡ ,⌧ nodes and the E node). When
combined with the message sent from E, and after the application of a softmax function, this becomes the posterior over policies (adapted from Friston et al.
(2017c), Parr and Friston (2018a)). As noted in the text, this representation of inference over policies as message passing is heuristic and only meant as an analogy
to message passing with respect to posteriors over states. This is because it is not carried out iteratively (i.e., the posterior is arrived at using a single iteration),
the messages are not bidirectional, and F⇡ ,⌧ and G⇡ ,⌧ are not factors. This graphical representation also cannot illustrate all dependencies with respect to G⇡ ,⌧ . This
is because G⇡ ,⌧ depends on two different types of predicted future observations – p (o⌧>t |⇡) and p (o⌧>t |C) — only the first of which is depicted here (i.e., with
respect to o3). For a proposed scheme for carrying out iterative message passing with respect to inference over policies, see Champion, Grze±, and Bowman (2021).
(For interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.)

connect factors that exchange messages with the same variables
(e.g., D, A, and B⇡ ,⌧ are all connected by the variable s⇡ ,1).

2.3. Technical section on variational and marginal message passing
(optional)

In this subsection we will introduce variational message
passing (Winn & Bishop, 2005), which is foundational to the way
active inference performs approximate inference of posteriors
over states. By the end of this subsection, the reader should
understand the general steps for performing variational message
passing and how they can be carried out using the factor graph
representation of POMDPs in active inference. For readers with
less mathematical background, this section can also be safely
skipped without compromising the ability to understand the rest
of the tutorial. Although, as always, we have made efforts to fully
explain all equations. For readers with specific interest in this
topic, we also note here that more recent implementations of
active inference have used a refined algorithm – called marginal

message passing – that is more robust to problems of overcon-
fidence that arise with variational message passing (i.e., where
posterior beliefs can become too precise too quickly; see Parr
et al. (2019). However, understanding marginal message passing
requires us to first understanding variational message passing.
Therefore, we will focus on this approach here, and return to how
it has been refined at the end of the section.

To invert the model (i.e., condition on observations to infer
approximate posteriors over states and policies) via the mini-
mization of VFE, some simplifying assumptions need to be made
(i.e., since exact inference is intractable in most real-word cases).
Variational message passing is based on the mean-field approxi-
mation, which assumes that the approximate posterior factorizes
into the product of (independent) distributions (Bishop, 2006).
This approximation often works well in practice, but it has the
limitation of ignoring possible pairwise (or more complex) inter-
actions between variables. In the POMDPs under discussion here,
the mean-field approximation assumes that the approximate pos-
terior factorizes into a prior distribution over policies and the
distributions over states expected under each policy at each time

17

[Smith+, J. Math. Psychol. 2015]



Classical implementation of active inference

•Matrix representation of each distribution

𝐴 matrix for likelihood mapping

𝐵 matrix for state transition

𝐶 matrix for preference

𝐷 matrix for initial state prior

𝐸 matrix for policy distribution

•Limited to toy problems (e.g., T-maze)
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Active inference

20

21 # create a simple transition model with two possible actions
22

23 B = utils.obj_array (1)
24 B[0] = np.zeros ((3, 3, 2))
25

26 # first action leads to first two states with uncertainty
27 B[0][: ,: ,0] = np.array ([[0.5 , 0.5, 0.5],
28 [0.5, 0.5, 0.5],
29 [0.0, 0.0, 0.0]])
30

31 # second action leads to last state with certainty
32 B[0][: ,: ,1] = np.array ([[0.0 , 0.0, 0.0],
33 [0.0, 0.0, 0.0],
34 [1.0, 1.0, 1.0]])
35

36 # specify prior preferences (C vector)
37 C = utils.obj_array_uniform ([n_obs ])
38

39 # specify prior over hidden states (D vector)
40 D = utils.obj_array (1)
41 D[0] = utils.onehot(1, n_states)
42

43 # instantiate your agent with a call to the ‘Agent()‘ constructor
44 my_agent = Agent(A=A, B=B, C=C, D=D)
45

46 # write a simple environment class , where state depends on the action
probabilistically , and observation is deterministic function of the
state except for state 2, where it’s randomly sampled

47

48 from pymdp.envs import Env
49

50 # sub -class it from the base Env class
51 class custom_env(Env):
52

53 def __init__(self):
54 self.state = 0
55

56 def step(self , action):
57

58 if action == 0:
59 self.state = 0 if np.random.rand() > 0.5 else 1
60 if action == 1:
61 self.state = 2
62

63 if self.state == 0:
64 obs = 0
65 elif self.state == 1:
66 obs = 1
67 elif self.state == 2:
68 obs = np.random.randint (3)
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conditional distributions in pymdp can be expressed as follows: the first dimensions (or rows)
of the matrix or NDarray represent the support of the conditional distribution, while the
lagging dimensions (columns, slices, etc.) represent the random variables being conditioned
on. Thus, for the observation likelihood P (o⌧ |s⌧ ), the first dimension of A represents the
support of o (and will have length O) while the second dimension represents the support of
s (and will have length S).

Beyond the A and B arrays, one can also specify an initial prior over states P (s1) – in
pymdp this is called the D vector (of length S) and represents the agent’s beliefs about the
distribution over hidden states at the first timestep of the time horizon (when ⌧ = 1).

Finally, in order to achieve goal-directed behavior under active inference, it is necessary
to build a representation of some desired state or goal into the generative model. In rein-
forcement learning this is handled using reward functions but in active inference we instead
specify a prior distribution over observations, also known as the ‘prior preferences’ or ‘goal
distribution’ [1]. Inference over control states is then biased by this preference distribution,
leading agents to choose actions that bring them to states that (they expect) will lead to
preferred observations. In pymdp, this is represented by the C array of length O. The default
C array is a vector that is time-independent (the same C is used for all timesteps), but it is
also possible to specify a time-dependent C array. This can be used to represent goals that
change over time or the desire to reach a specific goal in a time-dependent manner .

After the generative model has been specified in terms of a set of likelihood and prior
distributions, one can build an active inference agent in a single line using the Agent()

constructor: e.g. my_agent = Agent(A=A, B=B, ...). The Agent() constructor requires
A and B arrays as mandatory input, while C and D vectors can be optionally included (the
defaults are uniform distributions for each).

The various methods of the resulting Agent instance can then be used to perform active
inference.

1 import numpy as np
2

3 import pymdp
4 from pymdp import utils , maths
5 from pymdp.agent import Agent
6

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

8

9 n_obs = 3
10 n_states = 3
11

12 A = utils.obj_array (1)
13 A[0] = np.array ([[1.0 , 0.0, 0.0],
14 [0.0, 1.0, 0.0],
15 [0.0, 0.0, 1.0]])
16

17 # introduce uncertainty into one of the hidden states
18 inv_temperature = 0.5
19 A[0][: ,2] = maths.softmax(inv_temperature* A[0][: ,2])
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[Heins+, J. Open Source Software 2022]



DNN implementation of active inference

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

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

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

Policy modeling
Diffusion/flow-matching-based policies (diffusion policy, streaming flow policy, …)

Transformer-based policies (ACT, BeT, VQ-BeT, … )
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Deep active inference



Generative world models

•RSSM representing state transition and likelihood mapping
Latent State 𝑧# = 𝑑# , 𝑠#

𝑑" ∼ 𝑝# 𝑑" 𝑧"$%, 𝑎"$%
𝑑" = GRU(𝑧"$%, 𝑎"$%)

Prior 𝑠# ∼ 𝑝& 𝑠# 𝑑#

Posterior 𝑠# ∼ 𝑞'(𝑠#|𝑑# , 𝑜#)
Observation 𝑜" is replaced
with image feature from CNN

Likelihood 𝑝&(𝑜#|𝑧#)
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Deep active inference

𝐹# = 𝐷$%[𝑞'(𝑠#|𝑑# , 𝑜#)| 𝑝& 𝑠# 𝑑# − 𝐸!"()!|+!,-!)[log 𝑝&(𝑜#|𝑧#)]

K. Fujii et al.: Real-World Robot Control Based on Contrastive Deep Active Inference

FIGURE 1. The overview of the proposed framework. For learning, the world model is learned to minimize FCL(t), as detailed in Section IV-B1. Afterwards,
the action model is learned to minimize Gt , as detailed in Section IV-B2. The EFE model is simultaneously learned with the action model, as detailed in
Section IV-B3. For action generation, the proposed framework has two possible way: AM action and EFEM action, as detailed in Section IV-C.

The deterministic states dt are calculated from the
hidden states zt�1 and action at�1 at the previous time
step t�1.We define the distribution of the deterministic states
p✓ (dt |zt�1, at�1) as follows:

p✓ (dt |zt�1, at�1) = �(dt � d 0
t )

d 0
t = f✓ (zt�1, at�1) . (9)

Here, �(·) represents the Dirac delta function and d 0
t is

described by the deterministic function f✓ based on the hidden
state dynamics of the gated recurrent unit (GRU) [62], [63].

The stochastic states st are represented by a set of
one-hot vectors sampled from the prior or posterior in
the form of categorical distributions [13]. To optimize the
model’s parameters using back-propagation, the straight-
through gradient [64] is employed. The prior p✓ is predicted
from the deterministic states dt . In contrast, the posterior q✓ is
inferred from the deterministic states dt and the observation
ot . The image encoder uses a convolutional neural network
(CNN) to embed a high-dimensional visual observation ot
into the low-dimensional feature states.

In summary, the RSSM components are as follows.

Model states: zt = {dt , st }
Deterministic states: dt ⇠ p✓ (dt |zt�1, at�1)

Prior: ŝt ⇠ p✓

�
ŝt |dt

�

Approximate Posterior: st ⇠ q✓ (st |dt , ot) . (10)

The initial hidden states of the world model are obtained
using a neural network named ‘‘initializer,’’ which was
designed for world model initialization. The initial obser-
vation, denoted as o0, is input into the encoder. From the
features output by the encoder, deterministic initial states
d0 are generated by the initializer. Subsequently, the world
model’s prior is employed to obtain initial stochastic states

FIGURE 2. The world model. This model consists of hidden states zt at a
time step t , which comprises deterministic states dt and stochastic states
st . Both prior and approximate posteriors are defined for the stochastic
states. The deterministic states are a 16-dimensional GRU hidden layer,
and the stochastic states assume a four-dimensional categorical
distribution with four classes.

s0 from the initial deterministic states d0. The initializer is
learned end-to-end with the world model.

The training of the world model is conducted by minimiz-
ing the contrastive variational free energy

P
t FCL(t). During

training, the KLD term is multiplied by a hyperparameter �.
Furthermore, KL-balancing [13] is used when calculating the
KLD. KL-balancing involves a hyperparameter w, which is a
value between 0 and 1. The hyperparameter determines how
the gradient from the KL term is distributed between the prior
(given a weight of w) and the approximate posterior (given a
weight of 1 � w) as follows:

FCL(t) ⇠= � · (w · DKL
⇥
sg (q✓ (st |dt , ot)) kp✓ (st |dt)

⇤

+ (1 � w) · DKL
⇥
q✓ (st |dt , ot) ksg (p✓ (st |dt))

⇤
)

� INCE (Zt ;Ot) . (11)

Here, sg(·) denotes a function that makes input inde-
pendent of back-propagation. To compute INCE (Zt ;Ot),
we employ a multilayer perceptron (MLP) for the critic
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ŝt |dt

�

Approximate Posterior: st ⇠ q✓ (st |dt , ot) . (10)

The initial hidden states of the world model are obtained
using a neural network named ‘‘initializer,’’ which was
designed for world model initialization. The initial obser-
vation, denoted as o0, is input into the encoder. From the
features output by the encoder, deterministic initial states
d0 are generated by the initializer. Subsequently, the world
model’s prior is employed to obtain initial stochastic states

FIGURE 2. The world model. This model consists of hidden states zt at a
time step t , which comprises deterministic states dt and stochastic states
st . Both prior and approximate posteriors are defined for the stochastic
states. The deterministic states are a 16-dimensional GRU hidden layer,
and the stochastic states assume a four-dimensional categorical
distribution with four classes.

s0 from the initial deterministic states d0. The initializer is
learned end-to-end with the world model.
The training of the world model is conducted by minimiz-

ing the contrastive variational free energy
P

t FCL(t). During
training, the KLD term is multiplied by a hyperparameter �.
Furthermore, KL-balancing [13] is used when calculating the
KLD. KL-balancing involves a hyperparameter w, which is a
value between 0 and 1. The hyperparameter determines how
the gradient from the KL term is distributed between the prior
(given a weight of w) and the approximate posterior (given a
weight of 1 � w) as follows:

FCL(t) ⇠= � · (w · DKL
⇥
sg (q✓ (st |dt , ot)) kp✓ (st |dt)

⇤

+ (1 � w) · DKL
⇥
q✓ (st |dt , ot) ksg (p✓ (st |dt))

⇤
)

� INCE (Zt ;Ot) . (11)

Here, sg(·) denotes a function that makes input inde-
pendent of back-propagation. To compute INCE (Zt ;Ot),
we employ a multilayer perceptron (MLP) for the critic

VOLUME 12, 2024 172347

#𝑜!"# #𝑜! #𝑜!$#

8



Multiple Timescale RSSM (MTRSSM)

•Introduction of multiple timescales

Trained to minimize VFE
Long-horizon action-conditioned video predictions
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Deep active inference
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[Fujii & Murata, ICDL 2023]



•Metrics: PSNR / SSIM / LPIPS
MTRSSM

Outperforms all baselines on all metrics

RSSM [Hafner et al., ICLR 2020]

Unable to learn long-term temporal dependencies

H-RSSM 
Worse than RSSM

CW-RSSM [Saxena et al., NeurIPS 2021]

Temporal hierarchy improves over RSSM
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Model SSIM ⇧ PSNR ⇧ LPIPS ⇩
MTRSSM 0.458 14.321 0.138
RSSM 0.371 13.119 0.182
H-RSSM 0.334 12.058 0.205
CW-RSSM
(interval : 8) 0.403 13.509 0.165

CW-RSSM
(interval : 16) 0.387 13.403 0.184

CW-RSSM
(interval : 32) 0.303 12.469 0.232

CW-RSSM
(interval : 64) 0.396 13.477 0.174

CW-RSSM
(interval : 128) 0.360 13.122 0.219

Multiple Timescale RSSM (MTRSSM)
Deep active inference [Yokozawa, Fujii, Nomura & Murata, arXiv 2025]



Multiple Timescale RSSM (MTRSSM)

•Introduction of multiple timescales

Trained to minimize VFE
Long-horizon action-conditioned video predictions
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[Yokozawa, Fujii, Nomura & Murata, arXiv 2025]



Generative policies

•Sampling multiple candidate action sequences

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

𝒂!,./& =
&
0%

𝒂!,. −
&/0%
&/10%

𝜖2 𝒐!, 𝒂!,., 𝑘 + 𝜖.

;
𝒂! = 𝑎!/&:!3(&
𝒐! = 𝑜!/&:!

𝜖. ∼ 𝒩(0, 𝜎.4𝐼)
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Deep active inference
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Approximation of expected free energy

•Approximating expectation with Monte Carlo sampling
Expected free energy
𝒢' 𝜋 = 𝔼( 𝑜' , 𝑠' 𝜋 log 𝑞 𝑠' 𝜋 − log 𝑝 𝑜' , 𝑠' 𝜋 ≈ −𝔼( 𝑜' 𝜋 𝐷)*[𝑞(𝑠'|𝑜' , 𝜋)||𝑞(𝑠'|𝜋)] − 𝔼( 𝑜' 𝜋 log 𝑝(𝑜'|𝐶)

Approximate expected free energy

𝒢' 𝒂+ ≈
1
𝑀𝑁:

,-.

/

:
0-.

1

−𝐷)* 𝑞2 𝑠' 𝑑' , <𝑜'
,,0 ||𝑝4 𝑠' 𝑑' − log 𝑝(<𝑜'

,,0|𝐶)

Sample 𝑠+, ∼ 𝑞2 𝑠+ 𝑑+ , 𝑜+ from the posterior given the current observation (𝑀 samples).

From each 𝑠+,, generate a sequence of priors by latent imagination: 𝑝4
, 𝑠+5. 𝑑+5. , … , 𝑝4

, 𝑠+56$ 𝑑+56$ .

At each time step, samples'
,,0 ∼ 𝑝4

, 𝑠' 𝑑' (𝑁 samples).

From 𝑧'
,,0 = 𝑑' , s'

,,0 , generate predicted images <𝑜'
,,0 using the likelihood model and compute the posterior.
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Deep active inference
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[Igari, Fujii, Haddon-Hill & Murata, IWAI 2024]
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Instrumental Value Epistemic Value

Approximate
posterior

Approximate posterior
of previous step

Approximate posterior
of imagined future

Control EFE
Action

Epistemic value Extrinsic value

•Determine the next viewpoint 𝑣ABC from past observations 𝑜D:A
Represent the environment state as a scene 𝑠

How are the objects arranged
in the scene?

Need to integrate multiple 
observations

Replace the policy 𝜋 in EFE with 
the next viewpoint 𝑣$%&

where, &𝑄% ≔ 𝑄% 𝑜!:'()|𝑣!:'()

𝐺(𝑣!"#) = −𝔼 $%7 𝐷&' 𝑄( 𝑠|𝑜):!"#, 𝑣):!"# ||𝑄( 𝑠|𝑜):!, 𝑣):! − 𝔼 $%7 log I𝑃 𝑜

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



Belief update mechanism
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Active vision

Belief update mechanism

𝜇 =
𝜎#$%& * 𝜇'() +𝜎'()& * 𝜇#$%

𝜎#$%& + 𝜎'()& ,

1
𝜎&

=
1
𝜎#$%&

+
1
𝜎'()&

n Output of encoder is combined with 
previous posterior. 

n Each new observation accumulates 
evidence for the overall scene composition.

Fig: Overview of approach

[Haddon-Hill & Murata, ICANN 2024]
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•Epistemic only

Viewpoints
Previously selected

Current

Future

Collect observations to
infer the scene
representation 𝑄( 𝑠| ⋅ .

EpistemicRecon.Obs. EpistemicRecon.Obs.

Epistemic Extrinsic

𝐺(𝑣85.) = −𝔼 9:* 𝐷)* 𝑄2 𝑠|𝑜;:85., 𝑣;:85. ||𝑄2 𝑠|𝑜;:8, 𝑣;:8 − 𝔼 9:* log ;𝑃 𝑜

Analysis of reconstructions and epistemic values 
Active vision [Haddon-Hill & Murata, ICANN 2024]
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•Full EFE (epistemic + extrinsic)

Viewpoints
Previously selected

Current

Future

Collect observations to infer the
scene representation 𝑄. 𝑠| ⋅ , while
reaching the target image.

EpistemicRecon.Obs. Extrinsic

Analysis of reconstructions and epistemic/extrinsic values 
Active vision [Haddon-Hill & Murata, ICANN 2024]



Switching or balancing between exploration and goal-directed behavior

•Exploration
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Navigation

•Goal-directed behavior

Autonomous
switching

[Yokozawa, Fujii, Nomura & Murata, arXiv 2025]
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Deep generative mode-based framework
Navigation

•Deep active inference with diffusion policy and MTRSSM

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



•Autonomous goal reaching
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Goal image
G

S

×𝟐

20

Video
Navigation [Yokozawa, Fujii, Nomura & Murata, arXiv 2025]
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Current observationCandidate actionsCandidate action1 Candidate action 2

Candidate action 3 Candidate action 4
Mental simulation inside the world model

EFE Epistemic value Extrinsic value

Current position

G

S

21

Action evaluation based on EFE
Navigation

•Early in the action

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



•Later in the action
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Mental simulation inside the world model

G

S

22

Action evaluation based on EFE
Navigation

Current observationCandidate actions

EFE Epistemic value Extrinsic value

Current positionCandidate action1 Candidate action 2

Candidate action 3 Candidate action 4

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



Problem setting

•An environment with diverse state transitions

Object manipulation
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[Fujii & Murata, RA-L 2026]



•Combinatorial explosion of state transitions 
Many possible actions at each time step

Diverse state transitions generated
by those actions

EFE must be evaluated over a huge number
of trajectories

Challenges in real-world robots
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Object manipulation

𝑠'

𝑠%#

𝑠%&

𝑠%'

𝒂𝝉

𝜏 𝜏 + 1 𝜏 + 2 𝜏 + 3

𝒂𝝉(𝟏

𝒂𝝉(𝟐

[Fujii & Murata, RA-L 2026]



Hierarchical solution

•World model (WM)
State inference and prediction

Coarse dynamics state  𝑐"
Fast dynamics state 𝑧"

•Action model (AM)
Learn abstract actions 𝐴#

•Abstract world model (AWM
Predict the next slow-timescale state 𝑐?@AB
from the current states 𝑐# , 𝑧# and abstract action 𝐴#
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Object manipulation

AM𝒂𝒕

𝒂𝑻

٬
٬
٬

0𝒂𝒕

0𝒂𝑻

٬
٬
٬

𝐴,

𝒄𝒕

𝒄𝐧𝐞𝐱𝐭AWM

𝐴,

𝒛𝒕

𝒐𝒕

𝒂𝒕"𝟏

WM
𝒛𝒕

𝒄𝒕

𝒛𝒕?𝟏

𝒄𝒕?𝟏

[Fujii & Murata, RA-L 2026]



Action generation based on EFE minimization using abstract actions

Predict next states 𝑐?@ABF
FGH
I

from each abstract action 𝐴#F FGH
I

Compute the EFE 𝒢F FGHI for each slow-timescale state 𝑐?@ABF
FGH
I

Select the abstract action 𝐴#
JKL MN? 𝒢- with the minimum EFE 

Generate the actual action using the action model
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Object manipulation

𝒛𝒕𝐝 𝒛𝒕𝐜

𝒄𝐧𝐞𝐱𝐭𝟎

AWM

𝐴,.𝐴,/𝐴,&

𝒄𝐧𝐞𝐱𝐭𝟏

𝒄𝐧𝐞𝐱𝐭𝟐

𝒢

AM

𝐴,/

𝐴,/𝐴,. 𝐴,&

[Fujii & Murata, RA-L 2026]



•Actual action generation to reach the goal

Choose the abstract action with the minimum EFE
Decoded to the actual action and executed on the robot

Action execution by the real robot
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Object manipulation

AM

𝒢

𝐴,/𝐴,. 𝐴,&

Abstract action index

Initial Goal
Prediction with 
minimum EFE

×10(

15

10

EF
E

5

0 0 63

97% reduction in
computation time
Planning w/ AWM: 2.4 ms
Planning w/ WM:  71.8 ms

[Fujii & Murata, RA-L 2026]



Introducing contrastive learning

•Key idea
Features that are easy to extract

Reconstruction learning à large structures
(e.g., background)

Contrastive learning à small objects

à The agent’s attention may shift

Combining reconstruction and contrastive learning

Propose a new upper bound on surprise
Original 𝐹 = 𝐷45 𝑞 𝑧" ||𝑝 𝑧"|𝑜" − log 𝑝 𝑜" ≥ − log 𝑝 𝑜"
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Reformulating the objectives

Reconstruction Contrastive

[Fujii, Isomura & Murata, IWAI 2024]



•Free energies controlled by 𝜶

Upper bound on surprise (and on VFE) at time 𝑡: 𝐹3
𝐹+ ≜ 𝛼 ⋅ 𝐷&' 𝑞 𝑧, ||𝑝 𝑧, − 𝔼- .! log 𝑝 𝑜,|𝑧, − 𝛼 − 1 ⋅ 𝐼/01 𝑍,; 𝑂,

≥ 𝛼 ⋅ 𝐷&' 𝑞 𝑧, ||𝑝 𝑧,|𝑜, − log 𝑝 𝑜, ≥ − log 𝑝 𝑜,

Extension to future time 𝜏: 𝐺3
𝐺+ ≜ −𝔼- 2" 𝐷&' 𝑞 𝑧3|𝑜3, ||𝑞 𝑧3 − 𝔼- 2" log 1𝑝 𝑜3 − 𝛼 − 1 ⋅ R𝐼/01 𝑍3; 𝑂3

𝛼 = 1à Reconstruction learning only (standard free energy)

𝛼 ≫ 1à Contrastive learning only (Contrastive free energy [Mazzaglia+, NeurIPS 2022])
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Novel upper bound on surprise
Reformulating the objectives [Fujii, Isomura & Murata, IWAI 2024]



•World model
Infer latent state 𝑧# from observation 𝑜#
Train to minimize 𝐹P

𝐹6 = 𝛼 ⋅ 𝐷45 𝑞 𝑧" ||𝑝 𝑧" − 𝔼7 8( log 𝑝 𝑜"|𝑧" − 𝛼 − 1 ⋅ 𝐼9:; 𝑍"; 𝑂"

•Action model
Generate action 𝑎# from latent state 𝑧#
Train to minimize 𝐺P

𝐺6 = −𝔼7 <) 𝐷45 𝑞 𝑧=|𝑜= ||𝑞 𝑧= − 𝔼7 <) log A𝑝 𝑜= − 𝛼 − 1 ⋅ B𝐼9:; 𝑍=; 𝑂=
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𝑜,

𝑎,0/ World
Model 𝑧,

𝑎,
Action
Model𝑧,

Model components
Reformulating the objectives [Fujii, Isomura & Murata, IWAI 2024]



Simulation experiment

•Reacher-hard task
“Contrastive” achieves the best
episode reward the fastest

Best performance with 𝜶 = 𝟏𝟎𝟑

•Ball-in-cup task
Performance improves in a 
similar manner

Best performance with 𝜶 = 𝟏𝟎𝟑
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Reformulating the objectives [Fujii, Isomura & Murata, IWAI 2024]
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𝛼 = 1 𝛼 = 10&

contrastive

observation

𝛼 = 10(
Best performance

𝛼 = 10'

Simulation experiment
Reformulating the objectives

•Agent attention in the ball-in-cup task
𝛼 = 1 (reconstruction only)

Upper and lower parts of the cup and the ball

𝜶 = 𝟏𝟎𝟑

Upper and lower parts of the cup and the ball
Cup, shadow, and string

Contrastivecontrastive only
Upper and lower parts of the cup and the ball
Cup and shadow

[Fujii, Isomura & Murata, IWAI 2024]
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