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ABSTRACT

Imitation Learning (IL) and Reinforcement Learning (RL) from high dimensional
sensory inputs are often introduced as separate problems, but a more realistic prob-
lem setting is how to merge the techniques so that the agent can reduce exploration
costs by partially imitating experts at the same time it maximizes its return. Even
when the experts are suboptimal (e.g. Experts learned halfway with other RL
methods or human-crafted experts), it is expected that the agent outperforms the
suboptimal experts’ performance. In this paper, we propose to address the issue
by using and theoretically extending Free Energy Principle, a unified brain theory
that explains perception, action and model learning in a Bayesian probabilistic
way. We find that both IL and RL can be achieved based on the same free en-
ergy objective function. Our results show that our approach is promising in visual
control tasks especially with sparse-reward environments.

1 INTRODUCTION

Imitation Learning (IL) is a framework to learn a policy to mimic expert trajectories. As the expert
specifies model behaviors, there is no need to do exploration or to design complex reward functions.
Reinforcement Learning (RL) does not have these features, so RL agents have no clue to realize
desired behaviors in sparse-reward settings and even when RL succeeds in reward maximization,
the policy does not necessarily achieve behaviors that the reward designer has expected. The key
drawbacks of IL are that the policy never exceeds the suboptimal expert performance and that the
policy is vulnerable to distributional shift. Meanwhile, RL can achieve super-human performance
and has potentials to transfer the policy to new tasks. As real-world applications often needs high
sample efficiency and little preparation (rough rewards and suboptimal experts), it is important to
find a way to effectively combine IL and RL.

When the sensory inputs are high-dimensional images as in the real world, behavior learning such as
IL and RL would be difficult without representation or model learning. Free Energy Principle (FEP),
a unified brain theory in computational neuroscience that explains perception, action and model
learning in a Bayesian probabilistic way (Friston et al., 2006; Friston, 2010), can handle behavior
learning and model learning at the same time. In FEP, the brain has a generative model of the world
and computes a mathematical amount called Free Energy using the model prediction and sensory
inputs to the brain. By minimizing the Free Energy, the brain achieves model learning and behavior
learning. Prior work about FEP only dealt with limited situations where a part of the generative
model is given and the task is very low dimensional. As there are a lot in common between FEP and
variational inference in machine learning, recent advancements in deep learning and latent variable
models could be applied to scale up FEP agents to be compatible with high dimensional tasks.

Recent work in model-based reinforcement learning succeeds in latent planning from high-
dimensional image inputs by incorporating latent dynamics models. Behaviors can be derived either
by imagined-reward maximization (Ha & Schmidhuber, 2018; Hafner et al., 2019a) or by online
planning (Hafner et al., 2019b). Although solving high dimensional visual control tasks with model-
based methods is becoming feasible, prior methods have never tried to combine with imitation.

In this paper, we propose Deep Free Energy Network (FENet), an agent that combines the advan-
tages of IL and RL so that the policy roughly learns from suboptimal expert data without the need of
exploration or detailed reward crafting in the first place, then learns from sparsely specified reward
functions to exceed the suboptimal expert performance.
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The key contributions of this work are summarized as follows:

• Extension of Free Energy Principle:
We theoretically extend Free Energy Principle, introducing policy prior and policy posterior
to combine IL and RL. We implement the proposed method on top of Recurrent State
Space Model (Hafner et al., 2019b), a latent dynamics model with both deterministic and
stochastic components.

• Visual control tasks in realistic problem settings:
We solve Cheetah-run, Walker-walk, and Quadruped-walk tasks from DeepMind Control
Suite (Tassa et al., 2018). We do not only use the default problem settings, we also set up
problems with sparse rewards and with suboptimal experts. We demonstrate that our agent
outperforms model-based RL using Recurrent State Space Model in sparse-reward settings.
We also show that our agent can achieve higher returns than Behavioral Cloning (IL) with
suboptimal experts.

2 BACKGROUNDS ON FREE ENERGY PRINCIPLE

2.1 PROBLEM SETUPS

We formulate visual control as a partially observable Markov decision process (POMDP) with dis-
crete time steps t, observations ot, hidden states st, continuous action vectors at, and scalar rewards
rt. The goal is to develop an agent that maximizes expected return E[

∑T
t=1 rt].

2.2 FREE ENERGY PRINCIPLE

Perception, action and model learning are all achieved by minimizing the same objective function,
Free Energy (Friston et al., 2006; Friston, 2010). In FEP, the agent is equipped with a generative
model of the world, using a prior p(st) and a likelihood p(ot|st).

p(ot, st) = p(ot|st)p(st) (1)

Perceptual Inference Under the generative model, the posterior probability of hidden states given
observations is calculated with Bayes’ theorem as follows.

p(st|ot) =
p(ot|st)p(st)

p(ot)
, p(ot) =

∫
p(ot|st)p(st)ds (2)

Since we cannot compute p(ot) due to the integral, we think of approximating p(st|ot) with a vari-
ational posterior q(st) by minimizing KL divergence KL(q(st)||p(st|ot)).

KL(q(st)||p(st|ot)) = ln p(ot) +KL(q(st)||p(ot, st)) (3)
Ft = KL(q(st)||p(ot, st)) (4)

We define the Free Energy as (eq.4). Since p(ot) does not depend on st, we can minimize (eq.3)
w.r.t. the parameters of the variational posterior by minimizing the Free Energy. Thus, the agent
can infer the hidden states of the observations by minimizing Ft. This process is called ’perceptual
inference’ in FEP.

Perceptual Learning Free Energy is the same amount as negative Evidence Lower Bound
(ELBO) in variational inference often seen in machine learning as follows.

p(ot) ≥ −Ft (5)

By minimizing Ft w.r.t. the parameters of the prior and the likelihood, the generative model learns
to best explain the observations. This process is called ’perceptual learning’ in FEP.

Active Inference We can assume that the prior is conditioned on the hidden states and actions at
the previous time step as follows.

p(st) = p(st|st−1, at−1) (6)
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The agent can change the future by choosing actions. Suppose the agent chooses at when it is at st,
the prior can predict the next hidden state st+1. Thus, we can think of the Expected Free Energy
Gt+1 at the next time step t+ 1 as follows (Friston et al., 2015).

Gt+1 = KL(q(st+1)||p(ot+1, st+1)) = Eq(st+1)[ln q(st+1)− ln p(ot+1, st+1)]

= Eq(st+1)p(ot+1|st+1)[ln q(st+1)− ln p(ot+1, st+1)] (7)

= Eq(st+1)p(ot+1|st+1)[ln q(st+1)− ln p(st+1|ot+1)− ln p(ot+1)]

≈ Eq(ot+1,st+1)[ln q(st+1)− ln q(st+1|ot+1)− ln p(ot+1)] (8)

= Eq(ot+1)[−KL(q(st+1|ot+1)||q(st+1))− ln p(ot+1)] (9)

Since the agent has not experienced time step t+ 1 yet and has not received observations ot+1, we
take expectation over ot+1 using the likelihood p(ot+1|st+1) as (eq.7). In (eq.8), we approximate
p(ot+1|st+1) as q(ot+1|st+1) and p(st+1|ot+1) as q(st+1|ot+1). According to the complete class
theorem (Friston et al., 2012), any scalar rewards can be encoded as observation priors using p(o) ∝
exp r(o) and the second term in (eq.9) becomes a goal-directed value. This observation prior p(ot+1)
can also be regarded as the probability of optimality variable p(Ot+1 = 1|ot+1), where the binary
optimality variableOt+1 = 1 denotes that time step t+1 is optimal andOt+1 = 0 denotes that it is
not optimal as introduced in the context of control as probabilistic inference(Levine, 2018). The first
term in (eq.9) is called epistemic value that works as intrinsic motivation to further explore the world.
Minimization of −KL(q(st+1|ot+1)||q(st+1)) means that the agent tries to experience as different
states st+1 as possible given some imagined observations ot+1. By minimizing the Expected Free
Energy, the agent can infer the actions that explores the world and maximize rewards. This process
is called ’active inference’.

3 DEEP FREE ENERGY NETWORK (FENET)

Perceptual learning deals with learning the generative model to best explain the agent’s sensory
inputs. If we think of not only observations but also actions given by the expert as a part of the
sensory inputs, we can explain imitation leaning by using the concept of perceptual learning. Active
inference deals with exploration and reward maximization, so it is compatible with reinforcement
learning. By minimizing the same objective function, the Free Energy, we can deal with both imita-
tion and RL.

In this section, we first introduce a policy prior for imitation and a policy posterior for RL. Second,
we extend the Free Energy Principle to be able to accommodate these two policies in the same
objective function, the Free Energy. Finally, we explain a detailed network architecture to implement
the proposed method for solving image control tasks.

3.1 INTRODUCING A POLICY PRIOR AND A POLICY POSTERIOR

Free Energy We extend the Free Energy from (eq.4) so that actions are a part of sensory inputs
that the generative model tries to explain.

Ft = KL(q(st)||p(ot, st, at)) = KL(q(st)||p(ot|st)p(at|st)p(st|st−1, at−1)) (10)

= Eq(st)[ln
q(st)

p(ot|st)p(at|st)p(st|st−1, at−1)
] (11)

= Eq(st)[− ln p(ot|st)− ln p(at|st) + ln q(st)− ln p(st|st−1, at−1)] (12)

= Eq(st)[− ln p(ot|st)− ln p(at|st)] +KL(q(st)||p(st|st−1, at−1)) (13)

We define p(at|st) as a policy prior. When the agent observes expert trajectories, by minimizing
Ft, the policy prior will be learned so that it can best explain the experts. Besides the policy prior,
we introduce and define a policy posterior q(at|st), which is the very policy that the agent samples
from when interacting with its environments. We explain how to learn the policy posterior in the
following.

Expected Free Energy for imitation In a similar manner to active inference in Section 2.2, we
think of the Expected Free EnergyGt+1 at the next time step t+1, but this time we take expectation
over the policy posterior q(at|st) becauseGt+1 is a value expected under the next actions. Note that
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in Section 2.2 at was given as a certain value, but here at is sampled from the policy posterior. We
calculate the expected variational posterior at time step t+ 1 as follows.

q(st+1) = Eq(st)q(at|st)[p(st+1|st, at)] (14)

q(ot+1, st+1, at+1) = Eq(st+1)[p(ot+1|st+1)q(at+1|st+1)] (15)

We extend the Expected Free Energy from (eq.12) so that the variational posterior makes inference
on actions as follows.

GILt+1 = Eq(ot+1,st+1,at+1)[− ln p(ot+1|st+1)− ln p(at+1|st+1) + ln q(st+1, at+1)

− ln p(st+1|st, at)] (16)
= Eq(ot+1,st+1,at+1)[− ln p(ot+1|st+1)− ln p(at+1|st+1) + ln q(at+1|st+1)]

+KL(q(st+1)||p(st+1|st, at)) (17)
= Eq(ot+1,st+1)[− ln p(ot+1|st+1) +KL(q(at+1|st+1)||p(at+1|st+1))]

+KL(q(st+1)||p(st+1|st, at)) (18)
= Eq(ot+1,st+1)[− ln p(ot+1|st+1) +KL(q(at+1|st+1)||p(at+1|st+1))] + 0 (19)

= Eq(st+1)[H[p(ot+1|st+1)] +KL(q(at+1|st+1)||p(at+1|st+1))] (20)

In (eq.20), the first term is the entropy of the observation likelihood, and the second term is the KL
divergence between the policy prior and the policy posterior. By minimizing GILt+1, the agent learns
the policy posterior so that it matches the policy prior which has been learned through minimizing
Ft to encode the experts’ behavior.

Expected Free Energy for RL We can get the Expected Free Energy in a different way that has
a reward component r(ot+1) leading to the policy posterior maximizing rewards. We extend the
Expected Free Energy from (eq.8) so that the variational posterior makes inference on actions as
follows.

GRLt+1 = Eq(ot+1,st+1,at+1)[ln q(st+1, at+1)

− ln p(at+1|st+1)− ln q(st+1|ot+1)− ln p(ot+1)] (21)
= Eq(ot+1,st+1)[ln q(st+1)− ln q(st+1|ot+1)

+KL(q(at+1|st+1)||p(at+1|st+1))− ln p(ot+1)] (22)
= Eq(ot+1)[−KL(q(st+1|ot+1)||q(st+1))− ln p(ot+1)]

+ Eq(st+1)[KL(q(at+1|st+1)||p(at+1|st+1))] (23)

≈ Eq(ot+1)[−KL(q(st+1|ot+1)||q(st+1))− r(ot+1)]

+ Eq(st+1)[KL(q(at+1|st+1)||p(at+1|st+1))] (24)

In a similar manner to active inference in Section 2.2, we use p(o) ∝ exp r(o) in (eq.24). The
first KL term is the epistemic value that lets the agent explore the world, the second term is the
expected reward under the action sampled from the policy posterior, and the last KL term is the KL
divergence between the policy prior and the policy posterior. The last KL term can be written as
follows (eq.25), meaning that minimizing this term leads to maximizing the entropy of the policy
posterior at the same time the policy posterior tries to match the policy prior. Thus, the expected
free energy can be regarded as one of entropy maximizing RL methods.

KL(q(at+1|st+1)||p(at+1|st+1)) = −H[q(at+1|st+1)]− Eq(at+1|st+1)[ln p(at+1|st+1)] (25)

Note that q(ot+1) in (eq.24) can be calculated as follows.

q(ot+1) = Eq(st+1)[p(ot+1|st+1)] (26)

By minimizing GRLt+1, the agent learns the policy posterior so that it explores the world and maxi-
mizes the reward as long as it does not deviate too much from the policy prior which has encoded
experts’ behavior through minimizing Ft.

4



Under review as a conference paper at ICLR 2021

data

State posterior

Go to t + 2
<latexit sha1_base64="mfVvsTk2fKgDCpRjynE5oj1hy4U=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBZBEEpSBD0WvXisaD+gDWWz3bRLN5uwOxFK6E/w4kERr/4ib/4bt20O2vpg4PHeDDPzgkQKg6777RTW1jc2t4rbpZ3dvf2D8uFRy8SpZrzJYhnrTkANl0LxJgqUvJNoTqNA8nYwvp357SeujYjVI04S7kd0qEQoGEUrPeBFrV+uuFV3DrJKvJxUIEejX/7qDWKWRlwhk9SYrucm6GdUo2CST0u91PCEsjEd8q6likbc+Nn81Ck5s8qAhLG2pZDM1d8TGY2MmUSB7YwojsyyNxP/87ophtd+JlSSIldssShMJcGYzP4mA6E5QzmxhDIt7K2EjaimDG06JRuCt/zyKmnVqp5b9e4vK/WbPI4inMApnIMHV1CHO2hAExgM4Rle4c2Rzovz7nwsWgtOPnMMf+B8/gC4CY1p</latexit><latexit sha1_base64="mfVvsTk2fKgDCpRjynE5oj1hy4U=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBZBEEpSBD0WvXisaD+gDWWz3bRLN5uwOxFK6E/w4kERr/4ib/4bt20O2vpg4PHeDDPzgkQKg6777RTW1jc2t4rbpZ3dvf2D8uFRy8SpZrzJYhnrTkANl0LxJgqUvJNoTqNA8nYwvp357SeujYjVI04S7kd0qEQoGEUrPeBFrV+uuFV3DrJKvJxUIEejX/7qDWKWRlwhk9SYrucm6GdUo2CST0u91PCEsjEd8q6likbc+Nn81Ck5s8qAhLG2pZDM1d8TGY2MmUSB7YwojsyyNxP/87ophtd+JlSSIldssShMJcGYzP4mA6E5QzmxhDIt7K2EjaimDG06JRuCt/zyKmnVqp5b9e4vK/WbPI4inMApnIMHV1CHO2hAExgM4Rle4c2Rzovz7nwsWgtOPnMMf+B8/gC4CY1p</latexit><latexit sha1_base64="mfVvsTk2fKgDCpRjynE5oj1hy4U=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBZBEEpSBD0WvXisaD+gDWWz3bRLN5uwOxFK6E/w4kERr/4ib/4bt20O2vpg4PHeDDPzgkQKg6777RTW1jc2t4rbpZ3dvf2D8uFRy8SpZrzJYhnrTkANl0LxJgqUvJNoTqNA8nYwvp357SeujYjVI04S7kd0qEQoGEUrPeBFrV+uuFV3DrJKvJxUIEejX/7qDWKWRlwhk9SYrucm6GdUo2CST0u91PCEsjEd8q6likbc+Nn81Ck5s8qAhLG2pZDM1d8TGY2MmUSB7YwojsyyNxP/87ophtd+JlSSIldssShMJcGYzP4mA6E5QzmxhDIt7K2EjaimDG06JRuCt/zyKmnVqp5b9e4vK/WbPI4inMApnIMHV1CHO2hAExgM4Rle4c2Rzovz7nwsWgtOPnMMf+B8/gC4CY1p</latexit><latexit sha1_base64="mfVvsTk2fKgDCpRjynE5oj1hy4U=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBZBEEpSBD0WvXisaD+gDWWz3bRLN5uwOxFK6E/w4kERr/4ib/4bt20O2vpg4PHeDDPzgkQKg6777RTW1jc2t4rbpZ3dvf2D8uFRy8SpZrzJYhnrTkANl0LxJgqUvJNoTqNA8nYwvp357SeujYjVI04S7kd0qEQoGEUrPeBFrV+uuFV3DrJKvJxUIEejX/7qDWKWRlwhk9SYrucm6GdUo2CST0u91PCEsjEd8q6likbc+Nn81Ck5s8qAhLG2pZDM1d8TGY2MmUSB7YwojsyyNxP/87ophtd+JlSSIldssShMJcGYzP4mA6E5QzmxhDIt7K2EjaimDG06JRuCt/zyKmnVqp5b9e4vK/WbPI4inMApnIMHV1CHO2hAExgM4Rle4c2Rzovz7nwsWgtOPnMMf+B8/gC4CY1p</latexit>

st+1
<latexit sha1_base64="ScCu8WZixoFvlWxDlnIdRy5VZ8I=">AAAB7nicbVBNS8NAEJ3Ur1q/qh69LBZBEEoigh6LXjxWsB/QhrLZbtqlm03YnQgl9Ed48aCIV3+PN/+NmzYHbX0w8Hhvhpl5QSKFQdf9dkpr6xubW+Xtys7u3v5B9fCobeJUM95isYx1N6CGS6F4CwVK3k00p1EgeSeY3OV+54lrI2L1iNOE+xEdKREKRtFKHTPI8MKbDao1t+7OQVaJV5AaFGgOql/9YczSiCtkkhrT89wE/YxqFEzyWaWfGp5QNqEj3rNU0YgbP5ufOyNnVhmSMNa2FJK5+nsio5Ex0yiwnRHFsVn2cvE/r5dieONnQiUpcsUWi8JUEoxJ/jsZCs0ZyqkllGlhbyVsTDVlaBOq2BC85ZdXSfuy7rl17+Gq1rgt4ijDCZzCOXhwDQ24hya0gMEEnuEV3pzEeXHenY9Fa8kpZo7hD5zPHwfej1o=</latexit><latexit sha1_base64="ScCu8WZixoFvlWxDlnIdRy5VZ8I=">AAAB7nicbVBNS8NAEJ3Ur1q/qh69LBZBEEoigh6LXjxWsB/QhrLZbtqlm03YnQgl9Ed48aCIV3+PN/+NmzYHbX0w8Hhvhpl5QSKFQdf9dkpr6xubW+Xtys7u3v5B9fCobeJUM95isYx1N6CGS6F4CwVK3k00p1EgeSeY3OV+54lrI2L1iNOE+xEdKREKRtFKHTPI8MKbDao1t+7OQVaJV5AaFGgOql/9YczSiCtkkhrT89wE/YxqFEzyWaWfGp5QNqEj3rNU0YgbP5ufOyNnVhmSMNa2FJK5+nsio5Ex0yiwnRHFsVn2cvE/r5dieONnQiUpcsUWi8JUEoxJ/jsZCs0ZyqkllGlhbyVsTDVlaBOq2BC85ZdXSfuy7rl17+Gq1rgt4ijDCZzCOXhwDQ24hya0gMEEnuEV3pzEeXHenY9Fa8kpZo7hD5zPHwfej1o=</latexit><latexit sha1_base64="ScCu8WZixoFvlWxDlnIdRy5VZ8I=">AAAB7nicbVBNS8NAEJ3Ur1q/qh69LBZBEEoigh6LXjxWsB/QhrLZbtqlm03YnQgl9Ed48aCIV3+PN/+NmzYHbX0w8Hhvhpl5QSKFQdf9dkpr6xubW+Xtys7u3v5B9fCobeJUM95isYx1N6CGS6F4CwVK3k00p1EgeSeY3OV+54lrI2L1iNOE+xEdKREKRtFKHTPI8MKbDao1t+7OQVaJV5AaFGgOql/9YczSiCtkkhrT89wE/YxqFEzyWaWfGp5QNqEj3rNU0YgbP5ufOyNnVhmSMNa2FJK5+nsio5Ex0yiwnRHFsVn2cvE/r5dieONnQiUpcsUWi8JUEoxJ/jsZCs0ZyqkllGlhbyVsTDVlaBOq2BC85ZdXSfuy7rl17+Gq1rgt4ijDCZzCOXhwDQ24hya0gMEEnuEV3pzEeXHenY9Fa8kpZo7hD5zPHwfej1o=</latexit><latexit sha1_base64="ScCu8WZixoFvlWxDlnIdRy5VZ8I=">AAAB7nicbVBNS8NAEJ3Ur1q/qh69LBZBEEoigh6LXjxWsB/QhrLZbtqlm03YnQgl9Ed48aCIV3+PN/+NmzYHbX0w8Hhvhpl5QSKFQdf9dkpr6xubW+Xtys7u3v5B9fCobeJUM95isYx1N6CGS6F4CwVK3k00p1EgeSeY3OV+54lrI2L1iNOE+xEdKREKRtFKHTPI8MKbDao1t+7OQVaJV5AaFGgOql/9YczSiCtkkhrT89wE/YxqFEzyWaWfGp5QNqEj3rNU0YgbP5ufOyNnVhmSMNa2FJK5+nsio5Ex0yiwnRHFsVn2cvE/r5dieONnQiUpcsUWi8JUEoxJ/jsZCs0ZyqkllGlhbyVsTDVlaBOq2BC85ZdXSfuy7rl17+Gq1rgt4ijDCZzCOXhwDQ24hya0gMEEnuEV3pzEeXHenY9Fa8kpZo7hD5zPHwfej1o=</latexit>

at+1
<latexit sha1_base64="djQ9v+9DazsGJp0kdrM2GLD5C48=">AAAB7nicbVBNS8NAEJ3Ur1q/qh69LBZBEEoigh6LXjxWsB/QhrLZbtqlm03YnQgl9Ed48aCIV3+PN/+NmzYHbX0w8Hhvhpl5QSKFQdf9dkpr6xubW+Xtys7u3v5B9fCobeJUM95isYx1N6CGS6F4CwVK3k00p1EgeSeY3OV+54lrI2L1iNOE+xEdKREKRtFKHTrI8MKbDao1t+7OQVaJV5AaFGgOql/9YczSiCtkkhrT89wE/YxqFEzyWaWfGp5QNqEj3rNU0YgbP5ufOyNnVhmSMNa2FJK5+nsio5Ex0yiwnRHFsVn2cvE/r5dieONnQiUpcsUWi8JUEoxJ/jsZCs0ZyqkllGlhbyVsTDVlaBOq2BC85ZdXSfuy7rl17+Gq1rgt4ijDCZzCOXhwDQ24hya0gMEEnuEV3pzEeXHenY9Fa8kpZo7hD5zPH+wbj0g=</latexit><latexit sha1_base64="djQ9v+9DazsGJp0kdrM2GLD5C48=">AAAB7nicbVBNS8NAEJ3Ur1q/qh69LBZBEEoigh6LXjxWsB/QhrLZbtqlm03YnQgl9Ed48aCIV3+PN/+NmzYHbX0w8Hhvhpl5QSKFQdf9dkpr6xubW+Xtys7u3v5B9fCobeJUM95isYx1N6CGS6F4CwVK3k00p1EgeSeY3OV+54lrI2L1iNOE+xEdKREKRtFKHTrI8MKbDao1t+7OQVaJV5AaFGgOql/9YczSiCtkkhrT89wE/YxqFEzyWaWfGp5QNqEj3rNU0YgbP5ufOyNnVhmSMNa2FJK5+nsio5Ex0yiwnRHFsVn2cvE/r5dieONnQiUpcsUWi8JUEoxJ/jsZCs0ZyqkllGlhbyVsTDVlaBOq2BC85ZdXSfuy7rl17+Gq1rgt4ijDCZzCOXhwDQ24hya0gMEEnuEV3pzEeXHenY9Fa8kpZo7hD5zPH+wbj0g=</latexit><latexit sha1_base64="djQ9v+9DazsGJp0kdrM2GLD5C48=">AAAB7nicbVBNS8NAEJ3Ur1q/qh69LBZBEEoigh6LXjxWsB/QhrLZbtqlm03YnQgl9Ed48aCIV3+PN/+NmzYHbX0w8Hhvhpl5QSKFQdf9dkpr6xubW+Xtys7u3v5B9fCobeJUM95isYx1N6CGS6F4CwVK3k00p1EgeSeY3OV+54lrI2L1iNOE+xEdKREKRtFKHTrI8MKbDao1t+7OQVaJV5AaFGgOql/9YczSiCtkkhrT89wE/YxqFEzyWaWfGp5QNqEj3rNU0YgbP5ufOyNnVhmSMNa2FJK5+nsio5Ex0yiwnRHFsVn2cvE/r5dieONnQiUpcsUWi8JUEoxJ/jsZCs0ZyqkllGlhbyVsTDVlaBOq2BC85ZdXSfuy7rl17+Gq1rgt4ijDCZzCOXhwDQ24hya0gMEEnuEV3pzEeXHenY9Fa8kpZo7hD5zPH+wbj0g=</latexit><latexit sha1_base64="djQ9v+9DazsGJp0kdrM2GLD5C48=">AAAB7nicbVBNS8NAEJ3Ur1q/qh69LBZBEEoigh6LXjxWsB/QhrLZbtqlm03YnQgl9Ed48aCIV3+PN/+NmzYHbX0w8Hhvhpl5QSKFQdf9dkpr6xubW+Xtys7u3v5B9fCobeJUM95isYx1N6CGS6F4CwVK3k00p1EgeSeY3OV+54lrI2L1iNOE+xEdKREKRtFKHTrI8MKbDao1t+7OQVaJV5AaFGgOql/9YczSiCtkkhrT89wE/YxqFEzyWaWfGp5QNqEj3rNU0YgbP5ufOyNnVhmSMNa2FJK5+nsio5Ex0yiwnRHFsVn2cvE/r5dieONnQiUpcsUWi8JUEoxJ/jsZCs0ZyqkllGlhbyVsTDVlaBOq2BC85ZdXSfuy7rl17+Gq1rgt4ijDCZzCOXhwDQ24hya0gMEEnuEV3pzEeXHenY9Fa8kpZo7hD5zPH+wbj0g=</latexit>

at+1
<latexit sha1_base64="djQ9v+9DazsGJp0kdrM2GLD5C48=">AAAB7nicbVBNS8NAEJ3Ur1q/qh69LBZBEEoigh6LXjxWsB/QhrLZbtqlm03YnQgl9Ed48aCIV3+PN/+NmzYHbX0w8Hhvhpl5QSKFQdf9dkpr6xubW+Xtys7u3v5B9fCobeJUM95isYx1N6CGS6F4CwVK3k00p1EgeSeY3OV+54lrI2L1iNOE+xEdKREKRtFKHTrI8MKbDao1t+7OQVaJV5AaFGgOql/9YczSiCtkkhrT89wE/YxqFEzyWaWfGp5QNqEj3rNU0YgbP5ufOyNnVhmSMNa2FJK5+nsio5Ex0yiwnRHFsVn2cvE/r5dieONnQiUpcsUWi8JUEoxJ/jsZCs0ZyqkllGlhbyVsTDVlaBOq2BC85ZdXSfuy7rl17+Gq1rgt4ijDCZzCOXhwDQ24hya0gMEEnuEV3pzEeXHenY9Fa8kpZo7hD5zPH+wbj0g=</latexit><latexit sha1_base64="djQ9v+9DazsGJp0kdrM2GLD5C48=">AAAB7nicbVBNS8NAEJ3Ur1q/qh69LBZBEEoigh6LXjxWsB/QhrLZbtqlm03YnQgl9Ed48aCIV3+PN/+NmzYHbX0w8Hhvhpl5QSKFQdf9dkpr6xubW+Xtys7u3v5B9fCobeJUM95isYx1N6CGS6F4CwVK3k00p1EgeSeY3OV+54lrI2L1iNOE+xEdKREKRtFKHTrI8MKbDao1t+7OQVaJV5AaFGgOql/9YczSiCtkkhrT89wE/YxqFEzyWaWfGp5QNqEj3rNU0YgbP5ufOyNnVhmSMNa2FJK5+nsio5Ex0yiwnRHFsVn2cvE/r5dieONnQiUpcsUWi8JUEoxJ/jsZCs0ZyqkllGlhbyVsTDVlaBOq2BC85ZdXSfuy7rl17+Gq1rgt4ijDCZzCOXhwDQ24hya0gMEEnuEV3pzEeXHenY9Fa8kpZo7hD5zPH+wbj0g=</latexit><latexit sha1_base64="djQ9v+9DazsGJp0kdrM2GLD5C48=">AAAB7nicbVBNS8NAEJ3Ur1q/qh69LBZBEEoigh6LXjxWsB/QhrLZbtqlm03YnQgl9Ed48aCIV3+PN/+NmzYHbX0w8Hhvhpl5QSKFQdf9dkpr6xubW+Xtys7u3v5B9fCobeJUM95isYx1N6CGS6F4CwVK3k00p1EgeSeY3OV+54lrI2L1iNOE+xEdKREKRtFKHTrI8MKbDao1t+7OQVaJV5AaFGgOql/9YczSiCtkkhrT89wE/YxqFEzyWaWfGp5QNqEj3rNU0YgbP5ufOyNnVhmSMNa2FJK5+nsio5Ex0yiwnRHFsVn2cvE/r5dieONnQiUpcsUWi8JUEoxJ/jsZCs0ZyqkllGlhbyVsTDVlaBOq2BC85ZdXSfuy7rl17+Gq1rgt4ijDCZzCOXhwDQ24hya0gMEEnuEV3pzEeXHenY9Fa8kpZo7hD5zPH+wbj0g=</latexit><latexit sha1_base64="djQ9v+9DazsGJp0kdrM2GLD5C48=">AAAB7nicbVBNS8NAEJ3Ur1q/qh69LBZBEEoigh6LXjxWsB/QhrLZbtqlm03YnQgl9Ed48aCIV3+PN/+NmzYHbX0w8Hhvhpl5QSKFQdf9dkpr6xubW+Xtys7u3v5B9fCobeJUM95isYx1N6CGS6F4CwVK3k00p1EgeSeY3OV+54lrI2L1iNOE+xEdKREKRtFKHTrI8MKbDao1t+7OQVaJV5AaFGgOql/9YczSiCtkkhrT89wE/YxqFEzyWaWfGp5QNqEj3rNU0YgbP5ufOyNnVhmSMNa2FJK5+nsio5Ex0yiwnRHFsVn2cvE/r5dieONnQiUpcsUWi8JUEoxJ/jsZCs0ZyqkllGlhbyVsTDVlaBOq2BC85ZdXSfuy7rl17+Gq1rgt4ijDCZzCOXhwDQ24hya0gMEEnuEV3pzEeXHenY9Fa8kpZo7hD5zPH+wbj0g=</latexit>

ot+1
<latexit sha1_base64="X1pEAXTYHbGJRxJqEjstwtSrvfc=">AAAB7nicbVDLSgNBEOyNrxhfUY9eBoMgCGFXBD0GvXiMYB6QLGF2MkmGzM4sM71CWPIRXjwo4tXv8ebfOEn2oIkFDUVVN91dUSKFRd//9gpr6xubW8Xt0s7u3v5B+fCoaXVqGG8wLbVpR9RyKRRvoEDJ24nhNI4kb0Xju5nfeuLGCq0ecZLwMKZDJQaCUXRSS/cyvAimvXLFr/pzkFUS5KQCOeq98le3r1kac4VMUms7gZ9gmFGDgkk+LXVTyxPKxnTIO44qGnMbZvNzp+TMKX0y0MaVQjJXf09kNLZ2EkeuM6Y4ssveTPzP66Q4uAkzoZIUuWKLRYNUEtRk9jvpC8MZyokjlBnhbiVsRA1l6BIquRCC5ZdXSfOyGvjV4OGqUrvN4yjCCZzCOQRwDTW4hzo0gMEYnuEV3rzEe/HevY9Fa8HLZ47hD7zPHwG2j1Y=</latexit><latexit sha1_base64="X1pEAXTYHbGJRxJqEjstwtSrvfc=">AAAB7nicbVDLSgNBEOyNrxhfUY9eBoMgCGFXBD0GvXiMYB6QLGF2MkmGzM4sM71CWPIRXjwo4tXv8ebfOEn2oIkFDUVVN91dUSKFRd//9gpr6xubW8Xt0s7u3v5B+fCoaXVqGG8wLbVpR9RyKRRvoEDJ24nhNI4kb0Xju5nfeuLGCq0ecZLwMKZDJQaCUXRSS/cyvAimvXLFr/pzkFUS5KQCOeq98le3r1kac4VMUms7gZ9gmFGDgkk+LXVTyxPKxnTIO44qGnMbZvNzp+TMKX0y0MaVQjJXf09kNLZ2EkeuM6Y4ssveTPzP66Q4uAkzoZIUuWKLRYNUEtRk9jvpC8MZyokjlBnhbiVsRA1l6BIquRCC5ZdXSfOyGvjV4OGqUrvN4yjCCZzCOQRwDTW4hzo0gMEYnuEV3rzEe/HevY9Fa8HLZ47hD7zPHwG2j1Y=</latexit><latexit sha1_base64="X1pEAXTYHbGJRxJqEjstwtSrvfc=">AAAB7nicbVDLSgNBEOyNrxhfUY9eBoMgCGFXBD0GvXiMYB6QLGF2MkmGzM4sM71CWPIRXjwo4tXv8ebfOEn2oIkFDUVVN91dUSKFRd//9gpr6xubW8Xt0s7u3v5B+fCoaXVqGG8wLbVpR9RyKRRvoEDJ24nhNI4kb0Xju5nfeuLGCq0ecZLwMKZDJQaCUXRSS/cyvAimvXLFr/pzkFUS5KQCOeq98le3r1kac4VMUms7gZ9gmFGDgkk+LXVTyxPKxnTIO44qGnMbZvNzp+TMKX0y0MaVQjJXf09kNLZ2EkeuM6Y4ssveTPzP66Q4uAkzoZIUuWKLRYNUEtRk9jvpC8MZyokjlBnhbiVsRA1l6BIquRCC5ZdXSfOyGvjV4OGqUrvN4yjCCZzCOQRwDTW4hzo0gMEYnuEV3rzEe/HevY9Fa8HLZ47hD7zPHwG2j1Y=</latexit><latexit sha1_base64="X1pEAXTYHbGJRxJqEjstwtSrvfc=">AAAB7nicbVDLSgNBEOyNrxhfUY9eBoMgCGFXBD0GvXiMYB6QLGF2MkmGzM4sM71CWPIRXjwo4tXv8ebfOEn2oIkFDUVVN91dUSKFRd//9gpr6xubW8Xt0s7u3v5B+fCoaXVqGG8wLbVpR9RyKRRvoEDJ24nhNI4kb0Xju5nfeuLGCq0ecZLwMKZDJQaCUXRSS/cyvAimvXLFr/pzkFUS5KQCOeq98le3r1kac4VMUms7gZ9gmFGDgkk+LXVTyxPKxnTIO44qGnMbZvNzp+TMKX0y0MaVQjJXf09kNLZ2EkeuM6Y4ssveTPzP66Q4uAkzoZIUuWKLRYNUEtRk9jvpC8MZyokjlBnhbiVsRA1l6BIquRCC5ZdXSfOyGvjV4OGqUrvN4yjCCZzCOQRwDTW4hzo0gMEYnuEV3rzEe/HevY9Fa8HLZ47hD7zPHwG2j1Y=</latexit>

-KL

Policy posterior

Policy prior
KL

q(at+1|st+1)
<latexit sha1_base64="xof7cE7q/XM4A1UVVPJmyZTZnMA=">AAAB+3icbVDLSsNAFL2pr1pfsS7dDBahIpREBF0W3bisYB/QhjCZTtuhk0mcmYgl5lfcuFDErT/izr9x2mahrQcu93DOvcydE8ScKe0431ZhZXVtfaO4Wdra3tnds/fLLRUlktAmiXgkOwFWlDNBm5ppTjuxpDgMOG0H4+up336gUrFI3OlJTL0QDwUbMIK1kXy7fF/FfqpP3exJzfuJb1ecmjMDWiZuTiqQo+HbX71+RJKQCk04VqrrOrH2Uiw1I5xmpV6iaIzJGA9p11CBQ6q8dHZ7ho6N0keDSJoSGs3U3xspDpWahIGZDLEeqUVvKv7ndRM9uPRSJuJEU0HmDw0SjnSEpkGgPpOUaD4xBBPJzK2IjLDERJu4SiYEd/HLy6R1VnOdmnt7Xqlf5XEU4RCOoAouXEAdbqABTSDwCM/wCm9WZr1Y79bHfLRg5TsH8AfW5w/+YpO/</latexit><latexit sha1_base64="xof7cE7q/XM4A1UVVPJmyZTZnMA=">AAAB+3icbVDLSsNAFL2pr1pfsS7dDBahIpREBF0W3bisYB/QhjCZTtuhk0mcmYgl5lfcuFDErT/izr9x2mahrQcu93DOvcydE8ScKe0431ZhZXVtfaO4Wdra3tnds/fLLRUlktAmiXgkOwFWlDNBm5ppTjuxpDgMOG0H4+up336gUrFI3OlJTL0QDwUbMIK1kXy7fF/FfqpP3exJzfuJb1ecmjMDWiZuTiqQo+HbX71+RJKQCk04VqrrOrH2Uiw1I5xmpV6iaIzJGA9p11CBQ6q8dHZ7ho6N0keDSJoSGs3U3xspDpWahIGZDLEeqUVvKv7ndRM9uPRSJuJEU0HmDw0SjnSEpkGgPpOUaD4xBBPJzK2IjLDERJu4SiYEd/HLy6R1VnOdmnt7Xqlf5XEU4RCOoAouXEAdbqABTSDwCM/wCm9WZr1Y79bHfLRg5TsH8AfW5w/+YpO/</latexit><latexit sha1_base64="xof7cE7q/XM4A1UVVPJmyZTZnMA=">AAAB+3icbVDLSsNAFL2pr1pfsS7dDBahIpREBF0W3bisYB/QhjCZTtuhk0mcmYgl5lfcuFDErT/izr9x2mahrQcu93DOvcydE8ScKe0431ZhZXVtfaO4Wdra3tnds/fLLRUlktAmiXgkOwFWlDNBm5ppTjuxpDgMOG0H4+up336gUrFI3OlJTL0QDwUbMIK1kXy7fF/FfqpP3exJzfuJb1ecmjMDWiZuTiqQo+HbX71+RJKQCk04VqrrOrH2Uiw1I5xmpV6iaIzJGA9p11CBQ6q8dHZ7ho6N0keDSJoSGs3U3xspDpWahIGZDLEeqUVvKv7ndRM9uPRSJuJEU0HmDw0SjnSEpkGgPpOUaD4xBBPJzK2IjLDERJu4SiYEd/HLy6R1VnOdmnt7Xqlf5XEU4RCOoAouXEAdbqABTSDwCM/wCm9WZr1Y79bHfLRg5TsH8AfW5w/+YpO/</latexit><latexit sha1_base64="xof7cE7q/XM4A1UVVPJmyZTZnMA=">AAAB+3icbVDLSsNAFL2pr1pfsS7dDBahIpREBF0W3bisYB/QhjCZTtuhk0mcmYgl5lfcuFDErT/izr9x2mahrQcu93DOvcydE8ScKe0431ZhZXVtfaO4Wdra3tnds/fLLRUlktAmiXgkOwFWlDNBm5ppTjuxpDgMOG0H4+up336gUrFI3OlJTL0QDwUbMIK1kXy7fF/FfqpP3exJzfuJb1ecmjMDWiZuTiqQo+HbX71+RJKQCk04VqrrOrH2Uiw1I5xmpV6iaIzJGA9p11CBQ6q8dHZ7ho6N0keDSJoSGs3U3xspDpWahIGZDLEeqUVvKv7ndRM9uPRSJuJEU0HmDw0SjnSEpkGgPpOUaD4xBBPJzK2IjLDERJu4SiYEd/HLy6R1VnOdmnt7Xqlf5XEU4RCOoAouXEAdbqABTSDwCM/wCm9WZr1Y79bHfLRg5TsH8AfW5w/+YpO/</latexit>

State posterior

State prior

Free Energy Calculation Expected Free Energy Calculation

rt
<latexit sha1_base64="Bmobwtq6d1VdnrQp0oh1JwbYUlg=">AAAB6nicbVBNS8NAEJ3Ur1q/oh69LBbBU0lE0GPRi8eK9gPaUDbbTbt0swm7E6GE/gQvHhTx6i/y5r9x2+agrQ8GHu/NMDMvTKUw6HnfTmltfWNzq7xd2dnd2z9wD49aJsk0402WyER3Qmq4FIo3UaDknVRzGoeSt8Px7cxvP3FtRKIecZLyIKZDJSLBKFrpQfex71a9mjcHWSV+QapQoNF3v3qDhGUxV8gkNabreykGOdUomOTTSi8zPKVsTIe8a6miMTdBPj91Ss6sMiBRom0pJHP190ROY2MmcWg7Y4ojs+zNxP+8bobRdZALlWbIFVssijJJMCGzv8lAaM5QTiyhTAt7K2EjqilDm07FhuAvv7xKWhc136v595fV+k0RRxlO4BTOwYcrqMMdNKAJDIbwDK/w5kjnxXl3PhatJaeYOYY/cD5/AGgYjd0=</latexit><latexit sha1_base64="Bmobwtq6d1VdnrQp0oh1JwbYUlg=">AAAB6nicbVBNS8NAEJ3Ur1q/oh69LBbBU0lE0GPRi8eK9gPaUDbbTbt0swm7E6GE/gQvHhTx6i/y5r9x2+agrQ8GHu/NMDMvTKUw6HnfTmltfWNzq7xd2dnd2z9wD49aJsk0402WyER3Qmq4FIo3UaDknVRzGoeSt8Px7cxvP3FtRKIecZLyIKZDJSLBKFrpQfex71a9mjcHWSV+QapQoNF3v3qDhGUxV8gkNabreykGOdUomOTTSi8zPKVsTIe8a6miMTdBPj91Ss6sMiBRom0pJHP190ROY2MmcWg7Y4ojs+zNxP+8bobRdZALlWbIFVssijJJMCGzv8lAaM5QTiyhTAt7K2EjqilDm07FhuAvv7xKWhc136v595fV+k0RRxlO4BTOwYcrqMMdNKAJDIbwDK/w5kjnxXl3PhatJaeYOYY/cD5/AGgYjd0=</latexit><latexit sha1_base64="Bmobwtq6d1VdnrQp0oh1JwbYUlg=">AAAB6nicbVBNS8NAEJ3Ur1q/oh69LBbBU0lE0GPRi8eK9gPaUDbbTbt0swm7E6GE/gQvHhTx6i/y5r9x2+agrQ8GHu/NMDMvTKUw6HnfTmltfWNzq7xd2dnd2z9wD49aJsk0402WyER3Qmq4FIo3UaDknVRzGoeSt8Px7cxvP3FtRKIecZLyIKZDJSLBKFrpQfex71a9mjcHWSV+QapQoNF3v3qDhGUxV8gkNabreykGOdUomOTTSi8zPKVsTIe8a6miMTdBPj91Ss6sMiBRom0pJHP190ROY2MmcWg7Y4ojs+zNxP+8bobRdZALlWbIFVssijJJMCGzv8lAaM5QTiyhTAt7K2EjqilDm07FhuAvv7xKWhc136v595fV+k0RRxlO4BTOwYcrqMMdNKAJDIbwDK/w5kjnxXl3PhatJaeYOYY/cD5/AGgYjd0=</latexit><latexit sha1_base64="Bmobwtq6d1VdnrQp0oh1JwbYUlg=">AAAB6nicbVBNS8NAEJ3Ur1q/oh69LBbBU0lE0GPRi8eK9gPaUDbbTbt0swm7E6GE/gQvHhTx6i/y5r9x2+agrQ8GHu/NMDMvTKUw6HnfTmltfWNzq7xd2dnd2z9wD49aJsk0402WyER3Qmq4FIo3UaDknVRzGoeSt8Px7cxvP3FtRKIecZLyIKZDJSLBKFrpQfex71a9mjcHWSV+QapQoNF3v3qDhGUxV8gkNabreykGOdUomOTTSi8zPKVsTIe8a6miMTdBPj91Ss6sMiBRom0pJHP190ROY2MmcWg7Y4ojs+zNxP+8bobRdZALlWbIFVssijJJMCGzv8lAaM5QTiyhTAt7K2EjqilDm07FhuAvv7xKWhc136v595fV+k0RRxlO4BTOwYcrqMMdNKAJDIbwDK/w5kjnxXl3PhatJaeYOYY/cD5/AGgYjd0=</latexit>

(ot, at)
<latexit sha1_base64="Za4K+hvlOK4F6lqnn6B4r3z0Z9s=">AAAB8HicbVDLSgNBEJz1GeMr6tHLYBAiSNgVQY9BLx4jmIckyzI7mU2GzGOZ6RVCyFd48aCIVz/Hm3/jJNmDJhY0FFXddHfFqeAWfP/bW1ldW9/YLGwVt3d29/ZLB4dNqzNDWYNqoU07JpYJrlgDOAjWTg0jMhasFQ9vp37riRnLtXqAUcpCSfqKJ5wScNJjRUdwTiI4i0plv+rPgJdJkJMyylGPSl/dnqaZZAqoINZ2Aj+FcEwMcCrYpNjNLEsJHZI+6ziqiGQ2HM8OnuBTp/Rwoo0rBXim/p4YE2ntSMauUxIY2EVvKv7ndTJIrsMxV2kGTNH5oiQTGDSefo973DAKYuQIoYa7WzEdEEMouIyKLoRg8eVl0ryoBn41uL8s127yOAroGJ2gCgrQFaqhO1RHDUSRRM/oFb15xnvx3r2PeeuKl88coT/wPn8A3BSPxw==</latexit><latexit sha1_base64="Za4K+hvlOK4F6lqnn6B4r3z0Z9s=">AAAB8HicbVDLSgNBEJz1GeMr6tHLYBAiSNgVQY9BLx4jmIckyzI7mU2GzGOZ6RVCyFd48aCIVz/Hm3/jJNmDJhY0FFXddHfFqeAWfP/bW1ldW9/YLGwVt3d29/ZLB4dNqzNDWYNqoU07JpYJrlgDOAjWTg0jMhasFQ9vp37riRnLtXqAUcpCSfqKJ5wScNJjRUdwTiI4i0plv+rPgJdJkJMyylGPSl/dnqaZZAqoINZ2Aj+FcEwMcCrYpNjNLEsJHZI+6ziqiGQ2HM8OnuBTp/Rwoo0rBXim/p4YE2ntSMauUxIY2EVvKv7ndTJIrsMxV2kGTNH5oiQTGDSefo973DAKYuQIoYa7WzEdEEMouIyKLoRg8eVl0ryoBn41uL8s127yOAroGJ2gCgrQFaqhO1RHDUSRRM/oFb15xnvx3r2PeeuKl88coT/wPn8A3BSPxw==</latexit><latexit sha1_base64="Za4K+hvlOK4F6lqnn6B4r3z0Z9s=">AAAB8HicbVDLSgNBEJz1GeMr6tHLYBAiSNgVQY9BLx4jmIckyzI7mU2GzGOZ6RVCyFd48aCIVz/Hm3/jJNmDJhY0FFXddHfFqeAWfP/bW1ldW9/YLGwVt3d29/ZLB4dNqzNDWYNqoU07JpYJrlgDOAjWTg0jMhasFQ9vp37riRnLtXqAUcpCSfqKJ5wScNJjRUdwTiI4i0plv+rPgJdJkJMyylGPSl/dnqaZZAqoINZ2Aj+FcEwMcCrYpNjNLEsJHZI+6ziqiGQ2HM8OnuBTp/Rwoo0rBXim/p4YE2ntSMauUxIY2EVvKv7ndTJIrsMxV2kGTNH5oiQTGDSefo973DAKYuQIoYa7WzEdEEMouIyKLoRg8eVl0ryoBn41uL8s127yOAroGJ2gCgrQFaqhO1RHDUSRRM/oFb15xnvx3r2PeeuKl88coT/wPn8A3BSPxw==</latexit><latexit sha1_base64="Za4K+hvlOK4F6lqnn6B4r3z0Z9s=">AAAB8HicbVDLSgNBEJz1GeMr6tHLYBAiSNgVQY9BLx4jmIckyzI7mU2GzGOZ6RVCyFd48aCIVz/Hm3/jJNmDJhY0FFXddHfFqeAWfP/bW1ldW9/YLGwVt3d29/ZLB4dNqzNDWYNqoU07JpYJrlgDOAjWTg0jMhasFQ9vp37riRnLtXqAUcpCSfqKJ5wScNJjRUdwTiI4i0plv+rPgJdJkJMyylGPSl/dnqaZZAqoINZ2Aj+FcEwMcCrYpNjNLEsJHZI+6ziqiGQ2HM8OnuBTp/Rwoo0rBXim/p4YE2ntSMauUxIY2EVvKv7ndTJIrsMxV2kGTNH5oiQTGDSefo973DAKYuQIoYa7WzEdEEMouIyKLoRg8eVl0ryoBn41uL8s127yOAroGJ2gCgrQFaqhO1RHDUSRRM/oFb15xnvx3r2PeeuKl88coT/wPn8A3BSPxw==</latexit>

st
<latexit sha1_base64="NO/AVq0yYsPdpG3K5Q5U13QK4ss=">AAAB6nicbVBNS8NAEJ3Ur1q/oh69LBbBU0lE0GPRi8eK9gPaUDbbTbt0swm7E6GE/gQvHhTx6i/y5r9x2+agrQ8GHu/NMDMvTKUw6HnfTmltfWNzq7xd2dnd2z9wD49aJsk0402WyER3Qmq4FIo3UaDknVRzGoeSt8Px7cxvP3FtRKIecZLyIKZDJSLBKFrpwfSx71a9mjcHWSV+QapQoNF3v3qDhGUxV8gkNabreykGOdUomOTTSi8zPKVsTIe8a6miMTdBPj91Ss6sMiBRom0pJHP190ROY2MmcWg7Y4ojs+zNxP+8bobRdZALlWbIFVssijJJMCGzv8lAaM5QTiyhTAt7K2EjqilDm07FhuAvv7xKWhc136v595fV+k0RRxlO4BTOwYcrqMMdNKAJDIbwDK/w5kjnxXl3PhatJaeYOYY/cD5/AGmejd4=</latexit><latexit sha1_base64="NO/AVq0yYsPdpG3K5Q5U13QK4ss=">AAAB6nicbVBNS8NAEJ3Ur1q/oh69LBbBU0lE0GPRi8eK9gPaUDbbTbt0swm7E6GE/gQvHhTx6i/y5r9x2+agrQ8GHu/NMDMvTKUw6HnfTmltfWNzq7xd2dnd2z9wD49aJsk0402WyER3Qmq4FIo3UaDknVRzGoeSt8Px7cxvP3FtRKIecZLyIKZDJSLBKFrpwfSx71a9mjcHWSV+QapQoNF3v3qDhGUxV8gkNabreykGOdUomOTTSi8zPKVsTIe8a6miMTdBPj91Ss6sMiBRom0pJHP190ROY2MmcWg7Y4ojs+zNxP+8bobRdZALlWbIFVssijJJMCGzv8lAaM5QTiyhTAt7K2EjqilDm07FhuAvv7xKWhc136v595fV+k0RRxlO4BTOwYcrqMMdNKAJDIbwDK/w5kjnxXl3PhatJaeYOYY/cD5/AGmejd4=</latexit><latexit sha1_base64="NO/AVq0yYsPdpG3K5Q5U13QK4ss=">AAAB6nicbVBNS8NAEJ3Ur1q/oh69LBbBU0lE0GPRi8eK9gPaUDbbTbt0swm7E6GE/gQvHhTx6i/y5r9x2+agrQ8GHu/NMDMvTKUw6HnfTmltfWNzq7xd2dnd2z9wD49aJsk0402WyER3Qmq4FIo3UaDknVRzGoeSt8Px7cxvP3FtRKIecZLyIKZDJSLBKFrpwfSx71a9mjcHWSV+QapQoNF3v3qDhGUxV8gkNabreykGOdUomOTTSi8zPKVsTIe8a6miMTdBPj91Ss6sMiBRom0pJHP190ROY2MmcWg7Y4ojs+zNxP+8bobRdZALlWbIFVssijJJMCGzv8lAaM5QTiyhTAt7K2EjqilDm07FhuAvv7xKWhc136v595fV+k0RRxlO4BTOwYcrqMMdNKAJDIbwDK/w5kjnxXl3PhatJaeYOYY/cD5/AGmejd4=</latexit><latexit sha1_base64="NO/AVq0yYsPdpG3K5Q5U13QK4ss=">AAAB6nicbVBNS8NAEJ3Ur1q/oh69LBbBU0lE0GPRi8eK9gPaUDbbTbt0swm7E6GE/gQvHhTx6i/y5r9x2+agrQ8GHu/NMDMvTKUw6HnfTmltfWNzq7xd2dnd2z9wD49aJsk0402WyER3Qmq4FIo3UaDknVRzGoeSt8Px7cxvP3FtRKIecZLyIKZDJSLBKFrpwfSx71a9mjcHWSV+QapQoNF3v3qDhGUxV8gkNabreykGOdUomOTTSi8zPKVsTIe8a6miMTdBPj91Ss6sMiBRom0pJHP190ROY2MmcWg7Y4ojs+zNxP+8bobRdZALlWbIFVssijJJMCGzv8lAaM5QTiyhTAt7K2EjqilDm07FhuAvv7xKWhc136v595fV+k0RRxlO4BTOwYcrqMMdNKAJDIbwDK/w5kjnxXl3PhatJaeYOYY/cD5/AGmejd4=</latexit>

ot
<latexit sha1_base64="GWEncDH/xrS/rO0m41QTiTRN2pU=">AAAB6nicbVDLSgNBEOyNrxhfUY9eBoPgKeyKoMegF48RzQOSJcxOZpMhszPLTK8QQj7BiwdFvPpF3vwbJ8keNLGgoajqprsrSqWw6PvfXmFtfWNzq7hd2tnd2z8oHx41rc4M4w2mpTbtiFouheINFCh5OzWcJpHkrWh0O/NbT9xYodUjjlMeJnSgRCwYRSc96B72yhW/6s9BVkmQkwrkqPfKX92+ZlnCFTJJre0EforhhBoUTPJpqZtZnlI2ogPecVTRhNtwMj91Ss6c0iexNq4Ukrn6e2JCE2vHSeQ6E4pDu+zNxP+8TobxdTgRKs2QK7ZYFGeSoCazv0lfGM5Qjh2hzAh3K2FDaihDl07JhRAsv7xKmhfVwK8G95eV2k0eRxFO4BTOIYArqMEd1KEBDAbwDK/w5knvxXv3PhatBS+fOYY/8D5/AGOGjdo=</latexit><latexit sha1_base64="GWEncDH/xrS/rO0m41QTiTRN2pU=">AAAB6nicbVDLSgNBEOyNrxhfUY9eBoPgKeyKoMegF48RzQOSJcxOZpMhszPLTK8QQj7BiwdFvPpF3vwbJ8keNLGgoajqprsrSqWw6PvfXmFtfWNzq7hd2tnd2z8oHx41rc4M4w2mpTbtiFouheINFCh5OzWcJpHkrWh0O/NbT9xYodUjjlMeJnSgRCwYRSc96B72yhW/6s9BVkmQkwrkqPfKX92+ZlnCFTJJre0EforhhBoUTPJpqZtZnlI2ogPecVTRhNtwMj91Ss6c0iexNq4Ukrn6e2JCE2vHSeQ6E4pDu+zNxP+8TobxdTgRKs2QK7ZYFGeSoCazv0lfGM5Qjh2hzAh3K2FDaihDl07JhRAsv7xKmhfVwK8G95eV2k0eRxFO4BTOIYArqMEd1KEBDAbwDK/w5knvxXv3PhatBS+fOYY/8D5/AGOGjdo=</latexit><latexit sha1_base64="GWEncDH/xrS/rO0m41QTiTRN2pU=">AAAB6nicbVDLSgNBEOyNrxhfUY9eBoPgKeyKoMegF48RzQOSJcxOZpMhszPLTK8QQj7BiwdFvPpF3vwbJ8keNLGgoajqprsrSqWw6PvfXmFtfWNzq7hd2tnd2z8oHx41rc4M4w2mpTbtiFouheINFCh5OzWcJpHkrWh0O/NbT9xYodUjjlMeJnSgRCwYRSc96B72yhW/6s9BVkmQkwrkqPfKX92+ZlnCFTJJre0EforhhBoUTPJpqZtZnlI2ogPecVTRhNtwMj91Ss6c0iexNq4Ukrn6e2JCE2vHSeQ6E4pDu+zNxP+8TobxdTgRKs2QK7ZYFGeSoCazv0lfGM5Qjh2hzAh3K2FDaihDl07JhRAsv7xKmhfVwK8G95eV2k0eRxFO4BTOIYArqMEd1KEBDAbwDK/w5knvxXv3PhatBS+fOYY/8D5/AGOGjdo=</latexit><latexit sha1_base64="GWEncDH/xrS/rO0m41QTiTRN2pU=">AAAB6nicbVDLSgNBEOyNrxhfUY9eBoPgKeyKoMegF48RzQOSJcxOZpMhszPLTK8QQj7BiwdFvPpF3vwbJ8keNLGgoajqprsrSqWw6PvfXmFtfWNzq7hd2tnd2z8oHx41rc4M4w2mpTbtiFouheINFCh5OzWcJpHkrWh0O/NbT9xYodUjjlMeJnSgRCwYRSc96B72yhW/6s9BVkmQkwrkqPfKX92+ZlnCFTJJre0EforhhBoUTPJpqZtZnlI2ogPecVTRhNtwMj91Ss6c0iexNq4Ukrn6e2JCE2vHSeQ6E4pDu+zNxP+8TobxdTgRKs2QK7ZYFGeSoCazv0lfGM5Qjh2hzAh3K2FDaihDl07JhRAsv7xKmhfVwK8G95eV2k0eRxFO4BTOIYArqMEd1KEBDAbwDK/w5knvxXv3PhatBS+fOYY/8D5/AGOGjdo=</latexit>

at
<latexit sha1_base64="cg9eTEqUtCZqkwCW5khYw4me7mE=">AAAB6nicbVBNS8NAEJ3Ur1q/oh69LBbBU0lE0GPRi8eK9gPaUDbbTbt0swm7E6GE/gQvHhTx6i/y5r9x2+agrQ8GHu/NMDMvTKUw6HnfTmltfWNzq7xd2dnd2z9wD49aJsk0402WyER3Qmq4FIo3UaDknVRzGoeSt8Px7cxvP3FtRKIecZLyIKZDJSLBKFrpgfax71a9mjcHWSV+QapQoNF3v3qDhGUxV8gkNabreykGOdUomOTTSi8zPKVsTIe8a6miMTdBPj91Ss6sMiBRom0pJHP190ROY2MmcWg7Y4ojs+zNxP+8bobRdZALlWbIFVssijJJMCGzv8lAaM5QTiyhTAt7K2EjqilDm07FhuAvv7xKWhc136v595fV+k0RRxlO4BTOwYcrqMMdNKAJDIbwDK/w5kjnxXl3PhatJaeYOYY/cD5/AE4yjcw=</latexit><latexit sha1_base64="cg9eTEqUtCZqkwCW5khYw4me7mE=">AAAB6nicbVBNS8NAEJ3Ur1q/oh69LBbBU0lE0GPRi8eK9gPaUDbbTbt0swm7E6GE/gQvHhTx6i/y5r9x2+agrQ8GHu/NMDMvTKUw6HnfTmltfWNzq7xd2dnd2z9wD49aJsk0402WyER3Qmq4FIo3UaDknVRzGoeSt8Px7cxvP3FtRKIecZLyIKZDJSLBKFrpgfax71a9mjcHWSV+QapQoNF3v3qDhGUxV8gkNabreykGOdUomOTTSi8zPKVsTIe8a6miMTdBPj91Ss6sMiBRom0pJHP190ROY2MmcWg7Y4ojs+zNxP+8bobRdZALlWbIFVssijJJMCGzv8lAaM5QTiyhTAt7K2EjqilDm07FhuAvv7xKWhc136v595fV+k0RRxlO4BTOwYcrqMMdNKAJDIbwDK/w5kjnxXl3PhatJaeYOYY/cD5/AE4yjcw=</latexit><latexit sha1_base64="cg9eTEqUtCZqkwCW5khYw4me7mE=">AAAB6nicbVBNS8NAEJ3Ur1q/oh69LBbBU0lE0GPRi8eK9gPaUDbbTbt0swm7E6GE/gQvHhTx6i/y5r9x2+agrQ8GHu/NMDMvTKUw6HnfTmltfWNzq7xd2dnd2z9wD49aJsk0402WyER3Qmq4FIo3UaDknVRzGoeSt8Px7cxvP3FtRKIecZLyIKZDJSLBKFrpgfax71a9mjcHWSV+QapQoNF3v3qDhGUxV8gkNabreykGOdUomOTTSi8zPKVsTIe8a6miMTdBPj91Ss6sMiBRom0pJHP190ROY2MmcWg7Y4ojs+zNxP+8bobRdZALlWbIFVssijJJMCGzv8lAaM5QTiyhTAt7K2EjqilDm07FhuAvv7xKWhc136v595fV+k0RRxlO4BTOwYcrqMMdNKAJDIbwDK/w5kjnxXl3PhatJaeYOYY/cD5/AE4yjcw=</latexit><latexit sha1_base64="cg9eTEqUtCZqkwCW5khYw4me7mE=">AAAB6nicbVBNS8NAEJ3Ur1q/oh69LBbBU0lE0GPRi8eK9gPaUDbbTbt0swm7E6GE/gQvHhTx6i/y5r9x2+agrQ8GHu/NMDMvTKUw6HnfTmltfWNzq7xd2dnd2z9wD49aJsk0402WyER3Qmq4FIo3UaDknVRzGoeSt8Px7cxvP3FtRKIecZLyIKZDJSLBKFrpgfax71a9mjcHWSV+QapQoNF3v3qDhGUxV8gkNabreykGOdUomOTTSi8zPKVsTIe8a6miMTdBPj91Ss6sMiBRom0pJHP190ROY2MmcWg7Y4ojs+zNxP+8bobRdZALlWbIFVssijJJMCGzv8lAaM5QTiyhTAt7K2EjqilDm07FhuAvv7xKWhc136v595fV+k0RRxlO4BTOwYcrqMMdNKAJDIbwDK/w5kjnxXl3PhatJaeYOYY/cD5/AE4yjcw=</latexit>

at
<latexit sha1_base64="cg9eTEqUtCZqkwCW5khYw4me7mE=">AAAB6nicbVBNS8NAEJ3Ur1q/oh69LBbBU0lE0GPRi8eK9gPaUDbbTbt0swm7E6GE/gQvHhTx6i/y5r9x2+agrQ8GHu/NMDMvTKUw6HnfTmltfWNzq7xd2dnd2z9wD49aJsk0402WyER3Qmq4FIo3UaDknVRzGoeSt8Px7cxvP3FtRKIecZLyIKZDJSLBKFrpgfax71a9mjcHWSV+QapQoNF3v3qDhGUxV8gkNabreykGOdUomOTTSi8zPKVsTIe8a6miMTdBPj91Ss6sMiBRom0pJHP190ROY2MmcWg7Y4ojs+zNxP+8bobRdZALlWbIFVssijJJMCGzv8lAaM5QTiyhTAt7K2EjqilDm07FhuAvv7xKWhc136v595fV+k0RRxlO4BTOwYcrqMMdNKAJDIbwDK/w5kjnxXl3PhatJaeYOYY/cD5/AE4yjcw=</latexit><latexit sha1_base64="cg9eTEqUtCZqkwCW5khYw4me7mE=">AAAB6nicbVBNS8NAEJ3Ur1q/oh69LBbBU0lE0GPRi8eK9gPaUDbbTbt0swm7E6GE/gQvHhTx6i/y5r9x2+agrQ8GHu/NMDMvTKUw6HnfTmltfWNzq7xd2dnd2z9wD49aJsk0402WyER3Qmq4FIo3UaDknVRzGoeSt8Px7cxvP3FtRKIecZLyIKZDJSLBKFrpgfax71a9mjcHWSV+QapQoNF3v3qDhGUxV8gkNabreykGOdUomOTTSi8zPKVsTIe8a6miMTdBPj91Ss6sMiBRom0pJHP190ROY2MmcWg7Y4ojs+zNxP+8bobRdZALlWbIFVssijJJMCGzv8lAaM5QTiyhTAt7K2EjqilDm07FhuAvv7xKWhc136v595fV+k0RRxlO4BTOwYcrqMMdNKAJDIbwDK/w5kjnxXl3PhatJaeYOYY/cD5/AE4yjcw=</latexit><latexit sha1_base64="cg9eTEqUtCZqkwCW5khYw4me7mE=">AAAB6nicbVBNS8NAEJ3Ur1q/oh69LBbBU0lE0GPRi8eK9gPaUDbbTbt0swm7E6GE/gQvHhTx6i/y5r9x2+agrQ8GHu/NMDMvTKUw6HnfTmltfWNzq7xd2dnd2z9wD49aJsk0402WyER3Qmq4FIo3UaDknVRzGoeSt8Px7cxvP3FtRKIecZLyIKZDJSLBKFrpgfax71a9mjcHWSV+QapQoNF3v3qDhGUxV8gkNabreykGOdUomOTTSi8zPKVsTIe8a6miMTdBPj91Ss6sMiBRom0pJHP190ROY2MmcWg7Y4ojs+zNxP+8bobRdZALlWbIFVssijJJMCGzv8lAaM5QTiyhTAt7K2EjqilDm07FhuAvv7xKWhc136v595fV+k0RRxlO4BTOwYcrqMMdNKAJDIbwDK/w5kjnxXl3PhatJaeYOYY/cD5/AE4yjcw=</latexit><latexit sha1_base64="cg9eTEqUtCZqkwCW5khYw4me7mE=">AAAB6nicbVBNS8NAEJ3Ur1q/oh69LBbBU0lE0GPRi8eK9gPaUDbbTbt0swm7E6GE/gQvHhTx6i/y5r9x2+agrQ8GHu/NMDMvTKUw6HnfTmltfWNzq7xd2dnd2z9wD49aJsk0402WyER3Qmq4FIo3UaDknVRzGoeSt8Px7cxvP3FtRKIecZLyIKZDJSLBKFrpgfax71a9mjcHWSV+QapQoNF3v3qDhGUxV8gkNabreykGOdUomOTTSi8zPKVsTIe8a6miMTdBPj91Ss6sMiBRom0pJHP190ROY2MmcWg7Y4ojs+zNxP+8bobRdZALlWbIFVssijJJMCGzv8lAaM5QTiyhTAt7K2EjqilDm07FhuAvv7xKWhc136v595fV+k0RRxlO4BTOwYcrqMMdNKAJDIbwDK/w5kjnxXl3PhatJaeYOYY/cD5/AE4yjcw=</latexit>

rt�1
<latexit sha1_base64="tMTAZJ4kJ5YndbdPnFvRNsbNtFs=">AAAB7nicbVBNS8NAEJ3Ur1q/qh69LBbBiyURQY9FLx4r2A9oQ9lsN+3SzSbsToQS+iO8eFDEq7/Hm//GTZuDtj4YeLw3w8y8IJHCoOt+O6W19Y3NrfJ2ZWd3b/+genjUNnGqGW+xWMa6G1DDpVC8hQIl7yaa0yiQvBNM7nK/88S1EbF6xGnC/YiOlAgFo2iljh5keOHNBtWaW3fnIKvEK0gNCjQH1a/+MGZpxBUySY3peW6CfkY1Cib5rNJPDU8om9AR71mqaMSNn83PnZEzqwxJGGtbCslc/T2R0ciYaRTYzoji2Cx7ufif10sxvPEzoZIUuWKLRWEqCcYk/50MheYM5dQSyrSwtxI2ppoytAlVbAje8surpH1Z99y693BVa9wWcZThBE7hHDy4hgbcQxNawGACz/AKb07ivDjvzseiteQUM8fwB87nDwlgj1s=</latexit><latexit sha1_base64="tMTAZJ4kJ5YndbdPnFvRNsbNtFs=">AAAB7nicbVBNS8NAEJ3Ur1q/qh69LBbBiyURQY9FLx4r2A9oQ9lsN+3SzSbsToQS+iO8eFDEq7/Hm//GTZuDtj4YeLw3w8y8IJHCoOt+O6W19Y3NrfJ2ZWd3b/+genjUNnGqGW+xWMa6G1DDpVC8hQIl7yaa0yiQvBNM7nK/88S1EbF6xGnC/YiOlAgFo2iljh5keOHNBtWaW3fnIKvEK0gNCjQH1a/+MGZpxBUySY3peW6CfkY1Cib5rNJPDU8om9AR71mqaMSNn83PnZEzqwxJGGtbCslc/T2R0ciYaRTYzoji2Cx7ufif10sxvPEzoZIUuWKLRWEqCcYk/50MheYM5dQSyrSwtxI2ppoytAlVbAje8surpH1Z99y693BVa9wWcZThBE7hHDy4hgbcQxNawGACz/AKb07ivDjvzseiteQUM8fwB87nDwlgj1s=</latexit><latexit sha1_base64="tMTAZJ4kJ5YndbdPnFvRNsbNtFs=">AAAB7nicbVBNS8NAEJ3Ur1q/qh69LBbBiyURQY9FLx4r2A9oQ9lsN+3SzSbsToQS+iO8eFDEq7/Hm//GTZuDtj4YeLw3w8y8IJHCoOt+O6W19Y3NrfJ2ZWd3b/+genjUNnGqGW+xWMa6G1DDpVC8hQIl7yaa0yiQvBNM7nK/88S1EbF6xGnC/YiOlAgFo2iljh5keOHNBtWaW3fnIKvEK0gNCjQH1a/+MGZpxBUySY3peW6CfkY1Cib5rNJPDU8om9AR71mqaMSNn83PnZEzqwxJGGtbCslc/T2R0ciYaRTYzoji2Cx7ufif10sxvPEzoZIUuWKLRWEqCcYk/50MheYM5dQSyrSwtxI2ppoytAlVbAje8surpH1Z99y693BVa9wWcZThBE7hHDy4hgbcQxNawGACz/AKb07ivDjvzseiteQUM8fwB87nDwlgj1s=</latexit><latexit sha1_base64="tMTAZJ4kJ5YndbdPnFvRNsbNtFs=">AAAB7nicbVBNS8NAEJ3Ur1q/qh69LBbBiyURQY9FLx4r2A9oQ9lsN+3SzSbsToQS+iO8eFDEq7/Hm//GTZuDtj4YeLw3w8y8IJHCoOt+O6W19Y3NrfJ2ZWd3b/+genjUNnGqGW+xWMa6G1DDpVC8hQIl7yaa0yiQvBNM7nK/88S1EbF6xGnC/YiOlAgFo2iljh5keOHNBtWaW3fnIKvEK0gNCjQH1a/+MGZpxBUySY3peW6CfkY1Cib5rNJPDU8om9AR71mqaMSNn83PnZEzqwxJGGtbCslc/T2R0ciYaRTYzoji2Cx7ufif10sxvPEzoZIUuWKLRWEqCcYk/50MheYM5dQSyrSwtxI2ppoytAlVbAje8surpH1Z99y693BVa9wWcZThBE7hHDy4hgbcQxNawGACz/AKb07ivDjvzseiteQUM8fwB87nDwlgj1s=</latexit>

Likelihood
p(ot|st)

<latexit sha1_base64="K5nsz0lAGVYCovxc3OyjbKApN1M=">AAAB8XicbVBNS8NAEJ34WetX1aOXxSLUS0lE0GPRi8cK9gPbEDbbTbt0swm7E6HU/gsvHhTx6r/x5r9x2+agrQ8GHu/NMDMvTKUw6Lrfzsrq2vrGZmGruL2zu7dfOjhsmiTTjDdYIhPdDqnhUijeQIGSt1PNaRxK3gqHN1O/9ci1EYm6x1HK/Zj2lYgEo2ilh7SSBPhkAjwLSmW36s5AlomXkzLkqAelr24vYVnMFTJJjel4bor+mGoUTPJJsZsZnlI2pH3esVTRmBt/PLt4Qk6t0iNRom0pJDP198SYxsaM4tB2xhQHZtGbiv95nQyjK38sVJohV2y+KMokwYRM3yc9oTlDObKEMi3srYQNqKYMbUhFG4K3+PIyaZ5XPbfq3V2Ua9d5HAU4hhOogAeXUINbqEMDGCh4hld4c4zz4rw7H/PWFSefOYI/cD5/AETUkKM=</latexit><latexit sha1_base64="K5nsz0lAGVYCovxc3OyjbKApN1M=">AAAB8XicbVBNS8NAEJ34WetX1aOXxSLUS0lE0GPRi8cK9gPbEDbbTbt0swm7E6HU/gsvHhTx6r/x5r9x2+agrQ8GHu/NMDMvTKUw6Lrfzsrq2vrGZmGruL2zu7dfOjhsmiTTjDdYIhPdDqnhUijeQIGSt1PNaRxK3gqHN1O/9ci1EYm6x1HK/Zj2lYgEo2ilh7SSBPhkAjwLSmW36s5AlomXkzLkqAelr24vYVnMFTJJjel4bor+mGoUTPJJsZsZnlI2pH3esVTRmBt/PLt4Qk6t0iNRom0pJDP198SYxsaM4tB2xhQHZtGbiv95nQyjK38sVJohV2y+KMokwYRM3yc9oTlDObKEMi3srYQNqKYMbUhFG4K3+PIyaZ5XPbfq3V2Ua9d5HAU4hhOogAeXUINbqEMDGCh4hld4c4zz4rw7H/PWFSefOYI/cD5/AETUkKM=</latexit><latexit sha1_base64="K5nsz0lAGVYCovxc3OyjbKApN1M=">AAAB8XicbVBNS8NAEJ34WetX1aOXxSLUS0lE0GPRi8cK9gPbEDbbTbt0swm7E6HU/gsvHhTx6r/x5r9x2+agrQ8GHu/NMDMvTKUw6Lrfzsrq2vrGZmGruL2zu7dfOjhsmiTTjDdYIhPdDqnhUijeQIGSt1PNaRxK3gqHN1O/9ci1EYm6x1HK/Zj2lYgEo2ilh7SSBPhkAjwLSmW36s5AlomXkzLkqAelr24vYVnMFTJJjel4bor+mGoUTPJJsZsZnlI2pH3esVTRmBt/PLt4Qk6t0iNRom0pJDP198SYxsaM4tB2xhQHZtGbiv95nQyjK38sVJohV2y+KMokwYRM3yc9oTlDObKEMi3srYQNqKYMbUhFG4K3+PIyaZ5XPbfq3V2Ua9d5HAU4hhOogAeXUINbqEMDGCh4hld4c4zz4rw7H/PWFSefOYI/cD5/AETUkKM=</latexit><latexit sha1_base64="K5nsz0lAGVYCovxc3OyjbKApN1M=">AAAB8XicbVBNS8NAEJ34WetX1aOXxSLUS0lE0GPRi8cK9gPbEDbbTbt0swm7E6HU/gsvHhTx6r/x5r9x2+agrQ8GHu/NMDMvTKUw6Lrfzsrq2vrGZmGruL2zu7dfOjhsmiTTjDdYIhPdDqnhUijeQIGSt1PNaRxK3gqHN1O/9ci1EYm6x1HK/Zj2lYgEo2ilh7SSBPhkAjwLSmW36s5AlomXkzLkqAelr24vYVnMFTJJjel4bor+mGoUTPJJsZsZnlI2pH3esVTRmBt/PLt4Qk6t0iNRom0pJDP198SYxsaM4tB2xhQHZtGbiv95nQyjK38sVJohV2y+KMokwYRM3yc9oTlDObKEMi3srYQNqKYMbUhFG4K3+PIyaZ5XPbfq3V2Ua9d5HAU4hhOogAeXUINbqEMDGCh4hld4c4zz4rw7H/PWFSefOYI/cD5/AETUkKM=</latexit>

p(at|st)
<latexit sha1_base64="z6edt5KNSzS7CIwp1hJ0H6UP0S4=">AAAB8XicbVBNS8NAEJ34WetX1aOXxSLUS0lE0GPRi8cK9gPbEDbbTbt0swm7E6HU/gsvHhTx6r/x5r9x2+agrQ8GHu/NMDMvTKUw6Lrfzsrq2vrGZmGruL2zu7dfOjhsmiTTjDdYIhPdDqnhUijeQIGSt1PNaRxK3gqHN1O/9ci1EYm6x1HK/Zj2lYgEo2ilh7RCA3wyAZ4FpbJbdWcgy8TLSRly1IPSV7eXsCzmCpmkxnQ8N0V/TDUKJvmk2M0MTykb0j7vWKpozI0/nl08IadW6ZEo0bYUkpn6e2JMY2NGcWg7Y4oDs+hNxf+8TobRlT8WKs2QKzZfFGWSYEKm75Oe0JyhHFlCmRb2VsIGVFOGNqSiDcFbfHmZNM+rnlv17i7Ktes8jgIcwwlUwINLqMEt1KEBDBQ8wyu8OcZ5cd6dj3nripPPHMEfOJ8/LzqQlQ==</latexit><latexit sha1_base64="z6edt5KNSzS7CIwp1hJ0H6UP0S4=">AAAB8XicbVBNS8NAEJ34WetX1aOXxSLUS0lE0GPRi8cK9gPbEDbbTbt0swm7E6HU/gsvHhTx6r/x5r9x2+agrQ8GHu/NMDMvTKUw6Lrfzsrq2vrGZmGruL2zu7dfOjhsmiTTjDdYIhPdDqnhUijeQIGSt1PNaRxK3gqHN1O/9ci1EYm6x1HK/Zj2lYgEo2ilh7RCA3wyAZ4FpbJbdWcgy8TLSRly1IPSV7eXsCzmCpmkxnQ8N0V/TDUKJvmk2M0MTykb0j7vWKpozI0/nl08IadW6ZEo0bYUkpn6e2JMY2NGcWg7Y4oDs+hNxf+8TobRlT8WKs2QKzZfFGWSYEKm75Oe0JyhHFlCmRb2VsIGVFOGNqSiDcFbfHmZNM+rnlv17i7Ktes8jgIcwwlUwINLqMEt1KEBDBQ8wyu8OcZ5cd6dj3nripPPHMEfOJ8/LzqQlQ==</latexit><latexit sha1_base64="z6edt5KNSzS7CIwp1hJ0H6UP0S4=">AAAB8XicbVBNS8NAEJ34WetX1aOXxSLUS0lE0GPRi8cK9gPbEDbbTbt0swm7E6HU/gsvHhTx6r/x5r9x2+agrQ8GHu/NMDMvTKUw6Lrfzsrq2vrGZmGruL2zu7dfOjhsmiTTjDdYIhPdDqnhUijeQIGSt1PNaRxK3gqHN1O/9ci1EYm6x1HK/Zj2lYgEo2ilh7RCA3wyAZ4FpbJbdWcgy8TLSRly1IPSV7eXsCzmCpmkxnQ8N0V/TDUKJvmk2M0MTykb0j7vWKpozI0/nl08IadW6ZEo0bYUkpn6e2JMY2NGcWg7Y4oDs+hNxf+8TobRlT8WKs2QKzZfFGWSYEKm75Oe0JyhHFlCmRb2VsIGVFOGNqSiDcFbfHmZNM+rnlv17i7Ktes8jgIcwwlUwINLqMEt1KEBDBQ8wyu8OcZ5cd6dj3nripPPHMEfOJ8/LzqQlQ==</latexit><latexit sha1_base64="z6edt5KNSzS7CIwp1hJ0H6UP0S4=">AAAB8XicbVBNS8NAEJ34WetX1aOXxSLUS0lE0GPRi8cK9gPbEDbbTbt0swm7E6HU/gsvHhTx6r/x5r9x2+agrQ8GHu/NMDMvTKUw6Lrfzsrq2vrGZmGruL2zu7dfOjhsmiTTjDdYIhPdDqnhUijeQIGSt1PNaRxK3gqHN1O/9ci1EYm6x1HK/Zj2lYgEo2ilh7RCA3wyAZ4FpbJbdWcgy8TLSRly1IPSV7eXsCzmCpmkxnQ8N0V/TDUKJvmk2M0MTykb0j7vWKpozI0/nl08IadW6ZEo0bYUkpn6e2JMY2NGcWg7Y4oDs+hNxf+8TobRlT8WKs2QKzZfFGWSYEKm75Oe0JyhHFlCmRb2VsIGVFOGNqSiDcFbfHmZNM+rnlv17i7Ktes8jgIcwwlUwINLqMEt1KEBDBQ8wyu8OcZ5cd6dj3nripPPHMEfOJ8/LzqQlQ==</latexit>

Policy posterior

Policy prior

q(at|st)
<latexit sha1_base64="dXcLIQ2pQQ0m0lkaeicdQ5lHGKw=">AAAB8XicbVBNS8NAEJ3Ur1q/qh69BItQLyURQY9FLx4r2A9sQ9hsN+3SzSbuToQS+y+8eFDEq//Gm//GbZuDtj4YeLw3w8y8IBFco+N8W4WV1bX1jeJmaWt7Z3evvH/Q0nGqKGvSWMSqExDNBJesiRwF6ySKkSgQrB2Mrqd++5EpzWN5h+OEeREZSB5yStBI9w9V4uOT9vHUL1ecmjODvUzcnFQgR8Mvf/X6MU0jJpEKonXXdRL0MqKQU8EmpV6qWULoiAxY11BJIqa9bHbxxD4xSt8OY2VKoj1Tf09kJNJ6HAWmMyI41IveVPzP66YYXnoZl0mKTNL5ojAVNsb29H27zxWjKMaGEKq4udWmQ6IIRRNSyYTgLr68TFpnNdepubfnlfpVHkcRjuAYquDCBdThBhrQBAoSnuEV3ixtvVjv1se8tWDlM4fwB9bnDzDHkJY=</latexit><latexit sha1_base64="dXcLIQ2pQQ0m0lkaeicdQ5lHGKw=">AAAB8XicbVBNS8NAEJ3Ur1q/qh69BItQLyURQY9FLx4r2A9sQ9hsN+3SzSbuToQS+y+8eFDEq//Gm//GbZuDtj4YeLw3w8y8IBFco+N8W4WV1bX1jeJmaWt7Z3evvH/Q0nGqKGvSWMSqExDNBJesiRwF6ySKkSgQrB2Mrqd++5EpzWN5h+OEeREZSB5yStBI9w9V4uOT9vHUL1ecmjODvUzcnFQgR8Mvf/X6MU0jJpEKonXXdRL0MqKQU8EmpV6qWULoiAxY11BJIqa9bHbxxD4xSt8OY2VKoj1Tf09kJNJ6HAWmMyI41IveVPzP66YYXnoZl0mKTNL5ojAVNsb29H27zxWjKMaGEKq4udWmQ6IIRRNSyYTgLr68TFpnNdepubfnlfpVHkcRjuAYquDCBdThBhrQBAoSnuEV3ixtvVjv1se8tWDlM4fwB9bnDzDHkJY=</latexit><latexit sha1_base64="dXcLIQ2pQQ0m0lkaeicdQ5lHGKw=">AAAB8XicbVBNS8NAEJ3Ur1q/qh69BItQLyURQY9FLx4r2A9sQ9hsN+3SzSbuToQS+y+8eFDEq//Gm//GbZuDtj4YeLw3w8y8IBFco+N8W4WV1bX1jeJmaWt7Z3evvH/Q0nGqKGvSWMSqExDNBJesiRwF6ySKkSgQrB2Mrqd++5EpzWN5h+OEeREZSB5yStBI9w9V4uOT9vHUL1ecmjODvUzcnFQgR8Mvf/X6MU0jJpEKonXXdRL0MqKQU8EmpV6qWULoiAxY11BJIqa9bHbxxD4xSt8OY2VKoj1Tf09kJNJ6HAWmMyI41IveVPzP66YYXnoZl0mKTNL5ojAVNsb29H27zxWjKMaGEKq4udWmQ6IIRRNSyYTgLr68TFpnNdepubfnlfpVHkcRjuAYquDCBdThBhrQBAoSnuEV3ixtvVjv1se8tWDlM4fwB9bnDzDHkJY=</latexit><latexit sha1_base64="dXcLIQ2pQQ0m0lkaeicdQ5lHGKw=">AAAB8XicbVBNS8NAEJ3Ur1q/qh69BItQLyURQY9FLx4r2A9sQ9hsN+3SzSbuToQS+y+8eFDEq//Gm//GbZuDtj4YeLw3w8y8IBFco+N8W4WV1bX1jeJmaWt7Z3evvH/Q0nGqKGvSWMSqExDNBJesiRwF6ySKkSgQrB2Mrqd++5EpzWN5h+OEeREZSB5yStBI9w9V4uOT9vHUL1ecmjODvUzcnFQgR8Mvf/X6MU0jJpEKonXXdRL0MqKQU8EmpV6qWULoiAxY11BJIqa9bHbxxD4xSt8OY2VKoj1Tf09kJNJ6HAWmMyI41IveVPzP66YYXnoZl0mKTNL5ojAVNsb29H27zxWjKMaGEKq4udWmQ6IIRRNSyYTgLr68TFpnNdepubfnlfpVHkcRjuAYquDCBdThBhrQBAoSnuEV3ixtvVjv1se8tWDlM4fwB9bnDzDHkJY=</latexit>

q(st|ot)
<latexit sha1_base64="1qWGUkqNlwTGxMEIIn4klpOIjEw=">AAAB8XicbVBNSwMxEM3Wr1q/qh69BItQL2VXBD0WvXisYD+wXZZsmm1Ds8mazApl7b/w4kERr/4bb/4b03YP2vpg4PHeDDPzwkRwA6777RRWVtfWN4qbpa3tnd298v5By6hUU9akSijdCYlhgkvWBA6CdRLNSBwK1g5H11O//ci04UrewThhfkwGkkecErDS/UPVBPCkAjgNyhW35s6Al4mXkwrK0QjKX72+omnMJFBBjOl6bgJ+RjRwKtik1EsNSwgdkQHrWipJzIyfzS6e4BOr9HGktC0JeKb+nshIbMw4Dm1nTGBoFr2p+J/XTSG69DMukxSYpPNFUSowKDx9H/e5ZhTE2BJCNbe3YjokmlCwIZVsCN7iy8ukdVbz3Jp3e16pX+VxFNEROkZV5KELVEc3qIGaiCKJntErenOM8+K8Ox/z1oKTzxyiP3A+fwBGcZCk</latexit><latexit sha1_base64="1qWGUkqNlwTGxMEIIn4klpOIjEw=">AAAB8XicbVBNSwMxEM3Wr1q/qh69BItQL2VXBD0WvXisYD+wXZZsmm1Ds8mazApl7b/w4kERr/4bb/4b03YP2vpg4PHeDDPzwkRwA6777RRWVtfWN4qbpa3tnd298v5By6hUU9akSijdCYlhgkvWBA6CdRLNSBwK1g5H11O//ci04UrewThhfkwGkkecErDS/UPVBPCkAjgNyhW35s6Al4mXkwrK0QjKX72+omnMJFBBjOl6bgJ+RjRwKtik1EsNSwgdkQHrWipJzIyfzS6e4BOr9HGktC0JeKb+nshIbMw4Dm1nTGBoFr2p+J/XTSG69DMukxSYpPNFUSowKDx9H/e5ZhTE2BJCNbe3YjokmlCwIZVsCN7iy8ukdVbz3Jp3e16pX+VxFNEROkZV5KELVEc3qIGaiCKJntErenOM8+K8Ox/z1oKTzxyiP3A+fwBGcZCk</latexit><latexit sha1_base64="1qWGUkqNlwTGxMEIIn4klpOIjEw=">AAAB8XicbVBNSwMxEM3Wr1q/qh69BItQL2VXBD0WvXisYD+wXZZsmm1Ds8mazApl7b/w4kERr/4bb/4b03YP2vpg4PHeDDPzwkRwA6777RRWVtfWN4qbpa3tnd298v5By6hUU9akSijdCYlhgkvWBA6CdRLNSBwK1g5H11O//ci04UrewThhfkwGkkecErDS/UPVBPCkAjgNyhW35s6Al4mXkwrK0QjKX72+omnMJFBBjOl6bgJ+RjRwKtik1EsNSwgdkQHrWipJzIyfzS6e4BOr9HGktC0JeKb+nshIbMw4Dm1nTGBoFr2p+J/XTSG69DMukxSYpPNFUSowKDx9H/e5ZhTE2BJCNbe3YjokmlCwIZVsCN7iy8ukdVbz3Jp3e16pX+VxFNEROkZV5KELVEc3qIGaiCKJntErenOM8+K8Ox/z1oKTzxyiP3A+fwBGcZCk</latexit><latexit sha1_base64="1qWGUkqNlwTGxMEIIn4klpOIjEw=">AAAB8XicbVBNSwMxEM3Wr1q/qh69BItQL2VXBD0WvXisYD+wXZZsmm1Ds8mazApl7b/w4kERr/4bb/4b03YP2vpg4PHeDDPzwkRwA6777RRWVtfWN4qbpa3tnd298v5By6hUU9akSijdCYlhgkvWBA6CdRLNSBwK1g5H11O//ci04UrewThhfkwGkkecErDS/UPVBPCkAjgNyhW35s6Al4mXkwrK0QjKX72+omnMJFBBjOl6bgJ+RjRwKtik1EsNSwgdkQHrWipJzIyfzS6e4BOr9HGktC0JeKb+nshIbMw4Dm1nTGBoFr2p+J/XTSG69DMukxSYpPNFUSowKDx9H/e5ZhTE2BJCNbe3YjokmlCwIZVsCN7iy8ukdVbz3Jp3e16pX+VxFNEROkZV5KELVEc3qIGaiCKJntErenOM8+K8Ox/z1oKTzxyiP3A+fwBGcZCk</latexit>

p(st|st�1, at�1)
<latexit sha1_base64="6j8EBRTuDkmkGdDc+wm4t4pBIjE=">AAAB/3icbVDLSsNAFJ3UV62vqODGzWARKmhJRNBl0Y3LCvYBbQiT6aQdnEzCzI1Q0i78FTcuFHHrb7jzb5y2WWjrgcs9nHMvc+cEieAaHOfbKiwtr6yuFddLG5tb2zv27l5Tx6mirEFjEat2QDQTXLIGcBCsnShGokCwVvBwM/Fbj0xpHst7GCbMi0hf8pBTAkby7YOkon0YaT+DM3d8Smb9xLfLTtWZAi8SNydllKPu21/dXkzTiEmggmjdcZ0EvIwo4FSwcambapYQ+kD6rGOoJBHTXja9f4yPjdLDYaxMScBT9fdGRiKth1FgJiMCAz3vTcT/vE4K4ZWXcZmkwCSdPRSmAkOMJ2HgHleMghgaQqji5lZMB0QRCiaykgnBnf/yImmeV12n6t5dlGvXeRxFdIiOUAW56BLV0C2qowaiaISe0St6s56sF+vd+piNFqx8Zx/9gfX5A+eplVw=</latexit><latexit sha1_base64="6j8EBRTuDkmkGdDc+wm4t4pBIjE=">AAAB/3icbVDLSsNAFJ3UV62vqODGzWARKmhJRNBl0Y3LCvYBbQiT6aQdnEzCzI1Q0i78FTcuFHHrb7jzb5y2WWjrgcs9nHMvc+cEieAaHOfbKiwtr6yuFddLG5tb2zv27l5Tx6mirEFjEat2QDQTXLIGcBCsnShGokCwVvBwM/Fbj0xpHst7GCbMi0hf8pBTAkby7YOkon0YaT+DM3d8Smb9xLfLTtWZAi8SNydllKPu21/dXkzTiEmggmjdcZ0EvIwo4FSwcambapYQ+kD6rGOoJBHTXja9f4yPjdLDYaxMScBT9fdGRiKth1FgJiMCAz3vTcT/vE4K4ZWXcZmkwCSdPRSmAkOMJ2HgHleMghgaQqji5lZMB0QRCiaykgnBnf/yImmeV12n6t5dlGvXeRxFdIiOUAW56BLV0C2qowaiaISe0St6s56sF+vd+piNFqx8Zx/9gfX5A+eplVw=</latexit><latexit sha1_base64="6j8EBRTuDkmkGdDc+wm4t4pBIjE=">AAAB/3icbVDLSsNAFJ3UV62vqODGzWARKmhJRNBl0Y3LCvYBbQiT6aQdnEzCzI1Q0i78FTcuFHHrb7jzb5y2WWjrgcs9nHMvc+cEieAaHOfbKiwtr6yuFddLG5tb2zv27l5Tx6mirEFjEat2QDQTXLIGcBCsnShGokCwVvBwM/Fbj0xpHst7GCbMi0hf8pBTAkby7YOkon0YaT+DM3d8Smb9xLfLTtWZAi8SNydllKPu21/dXkzTiEmggmjdcZ0EvIwo4FSwcambapYQ+kD6rGOoJBHTXja9f4yPjdLDYaxMScBT9fdGRiKth1FgJiMCAz3vTcT/vE4K4ZWXcZmkwCSdPRSmAkOMJ2HgHleMghgaQqji5lZMB0QRCiaykgnBnf/yImmeV12n6t5dlGvXeRxFdIiOUAW56BLV0C2qowaiaISe0St6s56sF+vd+piNFqx8Zx/9gfX5A+eplVw=</latexit><latexit sha1_base64="6j8EBRTuDkmkGdDc+wm4t4pBIjE=">AAAB/3icbVDLSsNAFJ3UV62vqODGzWARKmhJRNBl0Y3LCvYBbQiT6aQdnEzCzI1Q0i78FTcuFHHrb7jzb5y2WWjrgcs9nHMvc+cEieAaHOfbKiwtr6yuFddLG5tb2zv27l5Tx6mirEFjEat2QDQTXLIGcBCsnShGokCwVvBwM/Fbj0xpHst7GCbMi0hf8pBTAkby7YOkon0YaT+DM3d8Smb9xLfLTtWZAi8SNydllKPu21/dXkzTiEmggmjdcZ0EvIwo4FSwcambapYQ+kD6rGOoJBHTXja9f4yPjdLDYaxMScBT9fdGRiKth1FgJiMCAz3vTcT/vE4K4ZWXcZmkwCSdPRSmAkOMJ2HgHleMghgaQqji5lZMB0QRCiaykgnBnf/yImmeV12n6t5dlGvXeRxFdIiOUAW56BLV0C2qowaiaISe0St6s56sF+vd+piNFqx8Zx/9gfX5A+eplVw=</latexit>

State prior

KL

Negative
Log Likelihood

p(at+1|st+1)
<latexit sha1_base64="PMzSHA+Uum0hdnUSEZDvqFYXGFQ=">AAAB+3icbVDLSsNAFJ34rPUV69LNYBEqQklE0GXRjcsK9gFtCJPppB06mYSZG7HE/IobF4q49Ufc+TdO2yy09cDlHs65l7lzgkRwDY7zba2srq1vbJa2yts7u3v79kGlreNUUdaisYhVNyCaCS5ZCzgI1k0UI1EgWCcY30z9zgNTmsfyHiYJ8yIylDzklICRfLuS1IifwZmbP+l5P/XtqlN3ZsDLxC1IFRVo+vZXfxDTNGISqCBa91wnAS8jCjgVLC/3U80SQsdkyHqGShIx7WWz23N8YpQBDmNlSgKeqb83MhJpPYkCMxkRGOlFbyr+5/VSCK+8jMskBSbp/KEwFRhiPA0CD7hiFMTEEEIVN7diOiKKUDBxlU0I7uKXl0n7vO46dffuotq4LuIooSN0jGrIRZeogW5RE7UQRY/oGb2iNyu3Xqx362M+umIVO4foD6zPH/zNk74=</latexit><latexit sha1_base64="PMzSHA+Uum0hdnUSEZDvqFYXGFQ=">AAAB+3icbVDLSsNAFJ34rPUV69LNYBEqQklE0GXRjcsK9gFtCJPppB06mYSZG7HE/IobF4q49Ufc+TdO2yy09cDlHs65l7lzgkRwDY7zba2srq1vbJa2yts7u3v79kGlreNUUdaisYhVNyCaCS5ZCzgI1k0UI1EgWCcY30z9zgNTmsfyHiYJ8yIylDzklICRfLuS1IifwZmbP+l5P/XtqlN3ZsDLxC1IFRVo+vZXfxDTNGISqCBa91wnAS8jCjgVLC/3U80SQsdkyHqGShIx7WWz23N8YpQBDmNlSgKeqb83MhJpPYkCMxkRGOlFbyr+5/VSCK+8jMskBSbp/KEwFRhiPA0CD7hiFMTEEEIVN7diOiKKUDBxlU0I7uKXl0n7vO46dffuotq4LuIooSN0jGrIRZeogW5RE7UQRY/oGb2iNyu3Xqx362M+umIVO4foD6zPH/zNk74=</latexit><latexit sha1_base64="PMzSHA+Uum0hdnUSEZDvqFYXGFQ=">AAAB+3icbVDLSsNAFJ34rPUV69LNYBEqQklE0GXRjcsK9gFtCJPppB06mYSZG7HE/IobF4q49Ufc+TdO2yy09cDlHs65l7lzgkRwDY7zba2srq1vbJa2yts7u3v79kGlreNUUdaisYhVNyCaCS5ZCzgI1k0UI1EgWCcY30z9zgNTmsfyHiYJ8yIylDzklICRfLuS1IifwZmbP+l5P/XtqlN3ZsDLxC1IFRVo+vZXfxDTNGISqCBa91wnAS8jCjgVLC/3U80SQsdkyHqGShIx7WWz23N8YpQBDmNlSgKeqb83MhJpPYkCMxkRGOlFbyr+5/VSCK+8jMskBSbp/KEwFRhiPA0CD7hiFMTEEEIVN7diOiKKUDBxlU0I7uKXl0n7vO46dffuotq4LuIooSN0jGrIRZeogW5RE7UQRY/oGb2iNyu3Xqx362M+umIVO4foD6zPH/zNk74=</latexit><latexit sha1_base64="PMzSHA+Uum0hdnUSEZDvqFYXGFQ=">AAAB+3icbVDLSsNAFJ34rPUV69LNYBEqQklE0GXRjcsK9gFtCJPppB06mYSZG7HE/IobF4q49Ufc+TdO2yy09cDlHs65l7lzgkRwDY7zba2srq1vbJa2yts7u3v79kGlreNUUdaisYhVNyCaCS5ZCzgI1k0UI1EgWCcY30z9zgNTmsfyHiYJ8yIylDzklICRfLuS1IifwZmbP+l5P/XtqlN3ZsDLxC1IFRVo+vZXfxDTNGISqCBa91wnAS8jCjgVLC/3U80SQsdkyHqGShIx7WWz23N8YpQBDmNlSgKeqb83MhJpPYkCMxkRGOlFbyr+5/VSCK+8jMskBSbp/KEwFRhiPA0CD7hiFMTEEEIVN7diOiKKUDBxlU0I7uKXl0n7vO46dffuotq4LuIooSN0jGrIRZeogW5RE7UQRY/oGb2iNyu3Xqx362M+umIVO4foD6zPH/zNk74=</latexit>
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q(st+1) = Eq(st)q(at|st)[p(st+1|st, at)]
<latexit sha1_base64="2+cWDVJYdWftAtkaRZTPoEJQfSM=">AAACJXicbVDLSsNAFJ3UV62vqks3wSK0KCURQRcKRRFcVrAPSEOYTCft0MmjMzdCifkZN/6KGxcWEVz5K07aClo9MHDmnHuZOceNOJNgGB9abmFxaXklv1pYW9/Y3Cpu7zRlGAtCGyTkoWi7WFLOAtoABpy2I0Gx73LacgdXmd+6p0KyMLiDUURtH/cC5jGCQUlO8XxYlk4Ch2Zauej4GPqum1ynTpLJUBmWsQMPGUut6Hswux8pvWI7xZJRNSbQ/xJzRkpohrpTHHe6IYl9GgDhWErLNCKwEyyAEU7TQieWNMJkgHvUUjTAPpV2MkmZ6gdK6epeKNQJQJ+oPzcS7Es58l01mQWR814m/udZMXhndsKCKAYakOlDXsx1CPWsMr3LBCXAR4pgIpj6q076WGACqtiCKsGcj/yXNI+rplE1b09KtctZHXm0h/ZRGZnoFNXQDaqjBiLoET2jVzTWnrQX7U17n47mtNnOLvoF7fML/PKk7w==</latexit><latexit sha1_base64="2+cWDVJYdWftAtkaRZTPoEJQfSM=">AAACJXicbVDLSsNAFJ3UV62vqks3wSK0KCURQRcKRRFcVrAPSEOYTCft0MmjMzdCifkZN/6KGxcWEVz5K07aClo9MHDmnHuZOceNOJNgGB9abmFxaXklv1pYW9/Y3Cpu7zRlGAtCGyTkoWi7WFLOAtoABpy2I0Gx73LacgdXmd+6p0KyMLiDUURtH/cC5jGCQUlO8XxYlk4Ch2Zauej4GPqum1ynTpLJUBmWsQMPGUut6Hswux8pvWI7xZJRNSbQ/xJzRkpohrpTHHe6IYl9GgDhWErLNCKwEyyAEU7TQieWNMJkgHvUUjTAPpV2MkmZ6gdK6epeKNQJQJ+oPzcS7Es58l01mQWR814m/udZMXhndsKCKAYakOlDXsx1CPWsMr3LBCXAR4pgIpj6q076WGACqtiCKsGcj/yXNI+rplE1b09KtctZHXm0h/ZRGZnoFNXQDaqjBiLoET2jVzTWnrQX7U17n47mtNnOLvoF7fML/PKk7w==</latexit><latexit sha1_base64="2+cWDVJYdWftAtkaRZTPoEJQfSM=">AAACJXicbVDLSsNAFJ3UV62vqks3wSK0KCURQRcKRRFcVrAPSEOYTCft0MmjMzdCifkZN/6KGxcWEVz5K07aClo9MHDmnHuZOceNOJNgGB9abmFxaXklv1pYW9/Y3Cpu7zRlGAtCGyTkoWi7WFLOAtoABpy2I0Gx73LacgdXmd+6p0KyMLiDUURtH/cC5jGCQUlO8XxYlk4Ch2Zauej4GPqum1ynTpLJUBmWsQMPGUut6Hswux8pvWI7xZJRNSbQ/xJzRkpohrpTHHe6IYl9GgDhWErLNCKwEyyAEU7TQieWNMJkgHvUUjTAPpV2MkmZ6gdK6epeKNQJQJ+oPzcS7Es58l01mQWR814m/udZMXhndsKCKAYakOlDXsx1CPWsMr3LBCXAR4pgIpj6q076WGACqtiCKsGcj/yXNI+rplE1b09KtctZHXm0h/ZRGZnoFNXQDaqjBiLoET2jVzTWnrQX7U17n47mtNnOLvoF7fML/PKk7w==</latexit><latexit sha1_base64="2+cWDVJYdWftAtkaRZTPoEJQfSM=">AAACJXicbVDLSsNAFJ3UV62vqks3wSK0KCURQRcKRRFcVrAPSEOYTCft0MmjMzdCifkZN/6KGxcWEVz5K07aClo9MHDmnHuZOceNOJNgGB9abmFxaXklv1pYW9/Y3Cpu7zRlGAtCGyTkoWi7WFLOAtoABpy2I0Gx73LacgdXmd+6p0KyMLiDUURtH/cC5jGCQUlO8XxYlk4Ch2Zauej4GPqum1ynTpLJUBmWsQMPGUut6Hswux8pvWI7xZJRNSbQ/xJzRkpohrpTHHe6IYl9GgDhWErLNCKwEyyAEU7TQieWNMJkgHvUUjTAPpV2MkmZ6gdK6epeKNQJQJ+oPzcS7Es58l01mQWR814m/udZMXhndsKCKAYakOlDXsx1CPWsMr3LBCXAR4pgIpj6q076WGACqtiCKsGcj/yXNI+rplE1b09KtctZHXm0h/ZRGZnoFNXQDaqjBiLoET2jVzTWnrQX7U17n47mtNnOLvoF7fML/PKk7w==</latexit>

Expected reward

Figure 1: Deep Free Energy Network (FENet) calculation process. The left side shows how to
calculate the Free Energy using data at hand. The right side shows how to calculate the Expected
Free Energy for RL with latent imagination.

3.2 IMITATION AND RL OBJECTIVES

To account for the long term future, the agent has to calculate the Expected Free Energy at t+ 1 to
∞.

F = Ft +

∞∑
τ=t+1

γτ−t−1Gτ (27)

We define this curly F to be the objective that the Deep Free Energy Network should minimize.
Note that γ is a discount factor as in the case of general RL algorithms. As it is impossible to sum
over infinity time steps, we introduce an Expected Free Energy Value function V (st+1) to estimate
the cumulative Expected Free Energy. Similarly to the case of Temporal Difference learning of Deep
Q Network (Mnih et al., 2013), we use a target network Vtarg(st+2) to stabilize the learning process
and define the loss for the value function as follows.

L = ||Gt+1 + γVtarg(st+2)− V (st+1)||2 (28)

We made a design choice that the agent uses the value function only for RL, and not for imitation.
In imitation, we use only the real value of the Expected Free EnergyGt+1 at the next time step t+1.
This is because imitation learning can be achieved without long term prediction as the agent is given
the experts’ all time series data available. On the other hand, in RL, using the value function to
predict rewards in the long-term future is essential to avoid a local minimum and achieve the desired
goal.

In conclusion, the objective functions of Deep Free Energy Network (FENet) for a data sequence
(ot, at, rt, ot+1) are as follows.

FIL = Ft +GILt+1 (29)

FRL = Ft +GRLt+1 + γVωtarg (st+2) (30)

L = ||GRLt+1 + γVtarg(st+2)− V (st+1)||2 (31)

The overall Free Energy calculation process is shown in Figure 1.

3.3 NETWORK ARCHITECTURE AND CALCULATION

For implementation, we made a design choice to use Recurrent State Space Model (Hafner et al.,
2019b), a latent dynamics model with both deterministic and stochastic components. In this model,
the hidden states st are split into two parts: stochastic hidden states st and deterministic hidden
states ht. The deterministic transition of ht is modeled using Recurrent Neural Networks (RNN) f
as follows.

ht = f(ht−1, st−1, at−1) (32)
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We model the probabilities in Deep Free Energy Networks as follows.

State prior pθ(st|ht) (33)
Observation likelihood pθ(ot|st, ht) (34)
Reward likelihood pθ(rt−1|st, ht) (35)
State posterior qφ(st|ht, ot) (36)
Policy prior pθ(at|st, ht) (37)
Policy posterior qψ(at|st, ht) (38)
Value network Vω(st) (39)
Target Value Network Vωtarg (st) (40)

We model these probabilities as feedforward Neural Networks that output the mean and standard
deviation of the random variables according to the Gaussian distribution. The parameters θ, φ, ψ, ω
are network parameters to be learned. Using the network parameters, the objective loss functions
can be written as follows.

FIL = Ft +GILt+1 (41)

FRL = Ft +GRLt+1 + γVωtarg (st+2) (42)

L = ||GRLt+1 + γVωtarg (st+2)− Vω(st+1)||2 (43)

when
Ft = Eqφ(st|ht,ot)[− ln pθ(ot|st, ht)− ln pθ(at|st, ht)] +KL(qφ(st|ht, ot)||pθ(st|ht))

(44)

GILt+1 = Eq(st+1)[H[pθ(ot+1|st+1, ht+1)] +KL(qψ(at+1|st+1, ht+1)||pθ(at+1|st+1, ht+1))]

(45)

GRLt+1 = Eq(ot+1)[−KL(qφ(st+1|ht+1, ot+1)||q(st+1))− pθ(rt|st+1, ht+1)]

+ Eq(st+1)[KL(qψ(at+1|st+1, ht+1)||pθ(at+1|st+1, ht+1))] + γVωtarg (st+2) (46)

q(st+1) = Eqφ(st|ht,ot)qψ(at|st,ht)[pθ(st+1|ht+1)] (47)

q(ot+1) = Eq(st+1)[pθ(ot+1|st+1, ht+1)] (48)

Algorithm 1 in Appendix shows overall calculations using these losses. The agent minimizes FIL
for expert data DE and the agent minimizes FRL for agent data DA that the agent collects on its
own.

4 EXPERIMENTS

We evaluate FENet on three continuous control tasks from images. We compare our model with
model-based RL and model-based imitation RL in dense and sparse reward setting when optimal
expert is available. Then we compare our model with imitation learning methods when only subop-
timal experts are available. Finally, we investigate the merits of combining imitation and RL as an
ablation study.

Control tasks We used Cheetah-run, Walker-walk, and Quadruped-walk tasks, image-based con-
tinuous control tasks of DeepMind Control Suite (Tassa et al., 2018) shown in Figure 6. The agent
gets rewards ranging from 0 to 1. Quadruped-walk is the most difficult as it has more action dimen-
sions than the others. Walker-walk is more challenging than Cheehtah-run because an agent first has
to stand up and then walk, meaning that the agent easily falls down on the ground, which is difficult
to predict. The episode length is 1000 steps starting from randomized initial states. We use action
repeatR = 4 for the Cheetah-run task, andR = 2 for the Walker-walk task and the Quadruped-walk
task.

4.1 PERFORMANCE IN STANDARD VISUAL CONTROL TASKS

We compare the performance of FENet to PlaNet (RL) and ”PlaNet with demonstrations” (imitation
RL) in standard visual control tasks mentioned above. We use PlaNet as a baseline method be-
cause PlaNet is one of the most basic methods using Recurrent State Space Model, on top of which
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Figure 2: Comparison of FENet to PlaNet and ”PlaNet with demonstrations”. Plots show test per-
formance over learning iterations. The lines show means and the areas show standard deviations
over 10 trajectories.
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Figure 3: Comparison of FENet to PlaNet and ”PlaNet with demonstrations” in sparse-reward set-
tings, where agents do not get rewards less than 0.5. Plots show test performance over learning
iterations. FENet substantially outperforms PlaNet. The lines show means and the areas show stan-
dard deviations over 10 trajectories.

we build our model. As FENet uses expert data, we create ”PlaNet with demonstrations” for fair
comparison. This variant of PlaNet has an additional experience replay pre-populated with expert
trajectories and minimize a loss calculated from the expert data in addition to PlaNet’s original loss.

Figure 2 shows that ”PlaNet with demonstrations” is always better than PlaNet and that FENet
is ranked higher as the difficulty of tasks gets higher. In Cheetah-run, FENet gives competitive
performance with PlaNet. In Walker-walk, FENet and ”PlaNet with demonstrations” are almost
competitive, both of which are substantially better than PlaNet thanks to expert knowledge being
leveraged to increase sample efficiency. In Quadruped-walk, FENet is slightly better than the other
two baselines.

4.2 PERFORMANCE IN SPARSE-REWARD VISUAL CONTROL TASKS

In real-world robot learning, it is demanding to craft a dense reward function to lead robots to desired
behaviors. It would be helpful if an agent could acquire desired behaviors simply by giving sparse
signals. We compare the performance of FENet to PlaNet and ”PlaNet with demonstrations” in
sparse-reward settings, where agents do not get rewards less than 0.5 per time step (Note that in
the original implementation of Cheetah-run, Walker-walk and Quadruped-walk, agents get rewards
ranging from 0 to 1 per time step). Figure 3 shows that FENet outperforms PlaNet and ”PlaNet with
demonstrations” in all three tasks. In Cheetah-run, PlaNet and ”PlaNet with demonstrations” are not
able to get even a single reward.
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Figure 4: Comparison of FENet to imitation learning methods when only suboptimal experts are
available in Cheetah-run. Plots show test performance over learning iterations. Behavioral Cloning
imitation methods cannot surpass the suboptimal expert’s return which FENet successfully sur-
passes. The lines show means and the areas show standard deviations over 10 trajectories.

4.3 PERFORMANCE WITH SUBOPTIMAL EXPERTS

In real-world robot learning, expert trajectories are often given by human experts. It is natural to
assume that expert trajectories are suboptimal and that there remains much room for improvement.
We compare the performance of FENet to Behavioral Cloning imitation methods. We use two types
of networks for behavioral cloning methods: recurrent policy and recurrent decoder policy. The
recurrent policy πR(at|ot) is neural networks with one gated recurrent unit cell and three dense
layers. The recurrent decoder policy πR(at, ot+1|ot) is neural networks with one gated recurrent
unit cell and four dense layers and deconvolution layers as in the decoder of PlaNet. Both networks
does not get raw pixel observations but take observations encoded by the same convolutional encoder
as PlaNet’s.

Figure 4 shows that while imitation methods overfit to the expert and cannot surpass the suboptimal
expert performance, FENet is able to substantially surpass the suboptimal expert’s performance.

4.4 LEARNING STRATEGIES

Figure 5 compares learning strategies of FENet in Cheetah-run and Walker-walk (ablation study).
’Imitation RL’ is the default FENet agent that does imitation learning and RL at the same time,
minimizing FIL + FRL. ’Imitation-pretrained RL’ is an agent that first learns the model only
with imitation (minimizing FIL) and then does RL using the pre-trained model (minimizing FRL).
’RL only’ is an agent that does RL only, minimizing FRL. ’Imitation only’ is an agent that does
imitation only, minimizing FIL. While ’imitation only’ gives the best performance and ’imitation
RL’ gives the second best in Cheetah-run, ’imitation RL’ gives the best performance and ’imitation
only’ gives the worst performance in Walker-walk. We could say ’imitation RL’ is the most robust
to the properties of tasks.

5 RELATED WORK

Active Inference Friston, who first proposed Active Inference, has evaluated the performance in
simple control tasks and a low-dimensional maze (Friston et al., 2012; 2015). Ueltzhoffer imple-
mented Active Inference with Deep Neural Networks and evaluated the performance in a simple
control task (Ueltzhöffer, 2018). Millidge proposed a Deep Active Inference framework with value
functions to estimate the correct Free Energy and succeeded in solving Gym environments (Mil-
lidge, 2019). Our approach extends Deep Active Inference to combine imitation and RL, solving
more challenging tasks.

RL from demonstration Reinforced Imitation Learning succeeds in reducing sample complex-
ity by using imitation as pre-training before RL (Pfeiffer et al., 2018). Adding demonstrations
into a replay buffer of off policy RL methods also demonstrates high sample efficiency (Vecerik
et al., 2017; Nair et al., 2018; Paine et al., 2019). Demo Augmented Policy Gradient mixes the pol-
icy gradient with a behavioral cloning gradient (Rajeswaran* et al., 2018). Deep Q-learning from
Demonstrations (DQfD) not only use demonstrations for pre-training but also calculates gradients
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Figure 5: Comparison of FENet (imitation RL) to other learning strategies (ablation studies:
imitation-pretrained RL, RL only, and imitation only with FENets). Plots show test performance
over learning iterations. The lines show means and the areas show standard deviations over 10
trajectories.

from demonstrations and environment interaction data (Hester et al., 2018). Truncated HORizon
Policy Search uses demonstrations to shape rewards so that subsequent planning can achieve su-
perior performance to RL even when experts are suboptimal (Sun et al., 2018). Soft Q Imitation
Learning gives rewards that encourage the agent to return to demonstrated states in order to avoid
policy collapse (Reddy et al., 2019). Our approach is similar to DQfD in terms of mixing gradi-
ents calculated from demonstrations and from environment interaction data. One key difference is
that FENet concurrently learns the generative model of the world so that it can be robust to wider
environment properties.

Control with latent dynamics model World Models acquire latent spaces and dynamics over the
spaces separately, and evolve simple linear controllers to solve visual control tasks (Ha & Schmid-
huber, 2018). PlaNet learns Recurrent State Space Model and does planning with Model Predictive
Control at test phase (Hafner et al., 2019b). Dreamer, which is recently built upon PlaNet, has a
policy for latent imagination and achieved higher performance than PlaNet (Hafner et al., 2019a).
Our approach also uses Recurrent State Space Model to describe variational inference, and we are
the first to combine imitation and RL over latent dynamics models to the best of our knowledge.

6 CONCLUSION

We present FENet, an agent that combines Imitation Learning and Reinforcement Learning using
Free Energy objectives. For this, we theoretically extend the Free Energy Principle and introduce a
policy prior that encodes experts’ behaviors and a policy posterior that learns to maximize expected
rewards without deviating too much from the policy prior. FENet outperforms model-based RL
and imitation RL especially in visual control tasks with sparse rewards and FENet also outperforms
suboptimal experts’ performance unlike Behavioral cloning. Strong potentials in sparse environment
with suboptimal experts are important factors for real-world robot learning.

Directions for future work include learning the balance between imitation and RL, i.e. Free Energy
and Expected Free Energy so that the agent can select the best approach to solve its confronting
tasks by monitoring the value of Free Energy. It is also important to evaluate FENet in real-world
robotics tasks to show that our method is effective in more realistic settings that truly appear in the
real world.
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A APPENDIX

(a) Cheetah-run (b) Walker-walk (c) Quadruped-walk

Figure 6: Image-based control tasks used in our experiments.

A.1 FENET ALGORITHM

See Algorithm 1.

A.2 IMPLEMENTATION

To stabilize the learning process, we adopt burn-in, a technique to recover initial states of RNN’s
hidden variables ht (Kapturowski et al., 2019). As shown in Algorithm 1, the agent calculates the
Free Energy with mini batches sampled from the expert or agent experience replay buffer D, which
means that ht is initialized randomly in every mini batch calculation. Since the Free Energy heavily
depends on ht, it is crucial to estimate the accurate hidden states. We set a burn-in period when a
portion of the replay sequence is used only for unrolling the networks to produce initial states. After
the period, we update the networks only on the remaining part of the sequence.

We use PyTorch (Paszke et al., 2017) to write neural networks and run experiments using NVIDIA
GeForce GTX 1080 Ti / RTX 2080 Ti / Tesla V100 GPU (1 GPU per experiment). The training
time for our FENet implementation is about 24 hours on the Control Suite environment. As for the
hyper parameters, we use the convolutional encoder and decoder networks from (Ha & Schmidhu-
ber, 2018) and Recurrent State Space Model from (Hafner et al., 2019b) and implement all other
functions as three dense layers of size 200 with ReLU activations (Nair & Hinton, 2010). We made
a design choice to make the policy prior, the policy posterior, and the observation likelihood, the
reward likelihood deterministic functions while the state prior and the state posterior are stochastic.
We use the batch size B = 25 for ’imitation RL’ with FENet, and B = 50 for other types and
baseline methods. We use the chunk length L = 50, the burn-in period 20. We use seed episodes
S = 40, expert episodes N = 10000 trained with PlaNet (Hafner et al., 2019b), collect interval
C = 100 and action exploration noise Normal(0, 0.3). We use the discount factor γ = 0.99 and the
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Algorithm 1 Deep Free Energy Network (FENet)

Input:
Seed episodes S
Collect interval C
Batch size B
Chunk length L
Expert episodes N
Target smoothing rate ρ
Learning rate α
State prior pθ(st|ht)
State posterior qφ(st|ht, ot)
Policy prior pθ(at|st, ht)
Policy posterior qψ(at|st, ht)
Likelihood pθ(ot|st, ht), pθ(rt−1|st, ht)
Value function Vω(st)
Target value function Vωtarg (st)

Initialize expert dataset DE with N expert tra-
jectories
Initialize agent dataset DA with S random
episodes
Initialize neural network parameters θ, φ, ψ, ω
randomly
while not converged do

for update step c = 1..C do
// Imitation Learning
Draw expert data {(ot, at, rt, ot+1)

k+L
t=k }Bi=1 ∼

DE
Compute Free Energy FIL from equation
41
// Reinforcement Learning
Draw agent data {(ot, at, rt, ot+1)

k+L
t=k }Bi=1 ∼

DA
Compute Free Energy FRL from equation
42
Compute V function’s Loss L from equa-
tion 43
// Update parameters
θ ← θ − α∇θ(FIL + FRL)
φ← φ− α∇φ(FIL + FRL)
ψ ← ψ − α∇ψ(FIL + FRL)
ω ← ω − α∇ωL
ωtarg ← ρωtarg + (1− ρ)ω

end for
// Environment interaction
o1 ← env.reset()
for time step t = 1..T do

Infer hidden states st ← qφ(st|ht, ot)
Calculate actions at ← qψ(at|st, ht)
Add exploration noise to actions
rt, ot+1 ← env.step (at)

end for
DA ← DA ∪ {(ot, at, rt, ot+1)

T
t=1}

end while
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target smoothing rate ρ = 0.01. We use Adam (Kingma & Ba, 2014) with learning rates α = 10−3

and scale down gradient norms that exceed 1000. We scale the reward-related loss by 100, the
policy-prior-related loss by 10. We clip KL loss between the hidden states below 3 free nats and clip
KL loss between the policies below 0.6.
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