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Deep Active Inference in Physical Human-Robot Interaction:
Balancing Exploration and Goal-Directed Behavior
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Abstract—In physical Human-Robot Interaction (pHRI), a
significant challenge lies in the unpredictable nature of human
behavior, which can introduce a high level of uncertainty during
an interaction with a robot. While traditional force-based
control laws lack high-level reasoning, learning-based methods
do not treat perception and action uniformly to decrease
uncertainties about human intention. This paper presents a
pHRI framework based on Active Inference (AIF) for planning
and decision-making, which guides a robot to balance goal-
directed behavior and the exploration of the human inten-
tion. The framework integrates a 1D-CNN based Conditional-
Variational Autoencoder (CVAE) architecture for Expected
free energy (EFE) computation and policy selection with a
Cartesian impedance controller to allow the robot to adapt its
motion according to the selected policy. Additionally, this paper
investigates the influence of preference precision on the robot’s
behavior. The pHRI experiment includes pushing, pulling and
no-applied interaction scenarios. The results show that the
robot naturally favors goal-directed, high-stiffness behavior
when it is undisturbed, while it prefers exploration behavior for
lower preference precision values and goal-directed behavior for
higher preference precision values during pushing and pulling
interaction scenarios. The findings of this research demonstrate
that the preference precision parameter significantly influences
the process of minimizing uncertainty of human behavior,
enabling the robot to adaptively balance exploration and goal-
directed behavior in pHRI scenarios.

I. INTRODUCTION

Recent advances in robotic technologies have enabled the
development of robotic systems with enhanced safety and
reliability, bringing them closer to direct interaction with
humans [1]. As a result, developments in physical Human-
Robot Interaction (pHRI), in which a robot aims to increase
human capabilities in strength, speed and accuracy, while a
human can guide interaction through their intention, have
been demonstrated over diverse applications [2], ranging
from robotic assistance in industrial and non-industrial set-
tings [3], [4], [5], rehabilitation robots [6], [7], [8] to assistive
suits such as exoskeletons [9], [10], [11].

Despite these advances, pHRI still faces challenges due
to the high level of uncertainty inherent in interaction with
humans whose behaviors can be unpredictable. Traditionally,
classical force control laws, such as impedance and admit-
tance control, have been dominantly used to enable robot
motion compliance. However, since these are model-based
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approaches and reactive to external forces, they lack high-
level reasoning of human intention during the interaction
[12]. To address this limitation, learning-based methods
have been increasingly adopted in order to infer human
intention and adapt robot behavior, such as Bayesian infer-
ence, Markov models, supervised learning and reinforcement
learning approaches [13].

Although these methods can capture complex data patterns
related to the interaction between robot and human, they
often treat the perception, prediction, and action as separate
processes, possibly struggling in decreasing uncertainties
across these stages. In contrast, a biological plausible theory
called Active Inference (AIF), grounded in the free energy
principle, has been introduced as a unified framework to
integrate perception and action by minimizing a bound on
surprise [14]. This process enables constant inference about
the environment’s states, adapts and updates the inner states
accordingly, and acts on the environment in order to reduce
the surprise.

In order to scale AIF to complex real-world scenarios, the
key conditional distributions are often amortized using deep
neural networks [15], [16], which is known as deep AIF.
Advances in scalable AIF, including deep AIF, has improved
its applicability to real-world robotics [17], [18]. Such works
have been realized success in state estimation [19], adaptive
control [20], [21], [22], planning [23], [24] and cognitive
skills [25]. To the best of the author’s knowledge, only the
study by Sawada et al. [26] has applied free energy principle
in a pHRI scenario to transfer one robot motion to another
according to a human intention. However, this study does
not consider the planning of future actions based on their
predicted consequences, which is a key feature of AIF.

In this study we explicitly tackle a pHRI scenario using
AIF, and explore the ensuing behavior of a robot during
online interactions with a human partner. We implement a
learned generative model using a 1D-CNN architecture to
infer latent states from position and force data. Through
the use of a dynamic prior model, the robot plans fu-
ture actions by predicting their consequences. Our deep
AIF model dynamically infers the human’s intentions and
adapts its behavior depending on both the interaction and
a tunable preference precision parameter that modulates the
exploration-exploitation trade-off. We demonstrate that the
robot naturally balances exploration of human intention with
its own goal-seeking desires. To the best of our knowledge,
this is the first study to apply deep active inference with EFE
policy selection in a pHRI setting.
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II. THEORY
A. Active Inference

Active Inference (AIF) is a theory grounded in neuro-
science that describes the processes of perception, behav-
ior, and learning as the minimization of Free Energy—a
variational bound on surprise (—log P(0)) [27]. An AIF
agent embodies a generative model P(o,z) of its envi-
ronment, which it uses to infer the hidden causes z of
sensory observations o. Due to the intractability of exact
Bayesian inference, it is assumed that the agent maintains
an approximate posterior over hidden states ()(z|o), which
can be optimized using, for example, variational inference.
Variational Free Energy (VFE) scores the mismatch between
the agent’s beliefs and the sensory evidence. The VFE for a
given time-step ¢ is given by:

F = Dx[Q(zt|ot)||P(z:)] — log P(o¢|2t). (1)

A key aspect of AIF is the recognition that the agent
has two methods of minimizing Free Energy at its disposal:
updating its beliefs about the hidden causes (perception),
and acting upon the world in order to elicit different sen-
sory observations (action). Thus, the roles of perception
and decision-making are united under a single variational
objective.

B. Expected free energy

Whilst minimizing VFE allows an agent to perceive and
react to its surroundings, the ensuing behavior is reflexive,
since it does not permit planning sequences of actions
(policies). Expected free energy (EFE) is an extension of
VFE which incorporates the expected surprise of future states
under a certain policy . It therefore allows the agent to plan
by selecting policies that minimize EFE. For a given future
time-step 7, EFE can be expressed as:

G7(7) = = EqQ(zr 0, |m) [DxL[Q(2r |07, ™) [| Q{27 [)]]

Information Gain

— EQ(Z7‘7T) [ln P(O7—|C)]

2

Pragmatic Value

This particular decomposition of EFE emphasizes the sep-
aration of epistemic and goal-seeking drives. The information
gain (IG) term incentivizes states that the agent expects to
learn a lot from, encouraging exploratory behaviors. The
pragmatic value (PV) term, on the other hand, encodes the
agent’s goal-seeking drives by pushing it to maximize the
likelihood of preferred sensations. The C' parameter in the
PV term refers to the agent’s prior preferences, which result
in a generative model that is biased towards certain desirable
regions of the environment. Expressed in this way, EFE min-
imization can directly address the exploration-exploitation
dilemma inherent in other decision-making schemes, and the
relative balance between the two terms is modulated via the
preference precision parameter (inverse variance) ~y of the
likelihood distribution P(o:|C') [28].

III. METHODOLOGY
A. Deep AIF framework and EFE computation

We present our deep AIF framework in Fig. 1. Each
of the main distributions are parameterized by deep neural
networks. These include prior Qg(zt|o¢—p.t, ), posterior
Q¢(Zt+F |0t—P:t+Fa 7'(') and likelihood P9 (Ot—P:t+F ‘Zt, 71')
models with parameters € and ¢. Note that the output of
all models is conditioned on the policy 7. The prior and
posterior receive observations comprising sequences (length
P +1 for Qg and P + F + 1 for ()y) of 3-dimensional
end-effector positions and external forces, for a total of 6
channels, and output the means and log-variances of a Gaus-
sian distribution over the 128-dimensional latent variable
z¢. The likelihood model generates reconstructions of the
full observation sequence o;_p.;+r, and is modeled as a
Gaussian with a fixed variance.

The policies in our model are represented by a choice
between two sets of stiffness parameters (high or low) used
in the impedance controller. This is described in more detail
in the discussion of our experimental framework. As there are
two policies 7 is a flat binary vector with a length of either
P+1or P+ F + 1 depending on which network is being
used. When predicting future outcomes, we concatenate the
vector of the last P 4 1 actions with a vector of length F'
containing only a single action (high or low SP). We take
inspiration from [29], which also uses action conditioning to
imagine the results of different policies.

Information gain for exploration

! !

Qo (z¢|0t—p.t, ) Q¢(Zt+p|5t(i_)P:[+F,7T(i))

[at@P;HF' M)

() o)
Pragmatic value

. for goal seeking
Pg(0—pie+rl2e, TD)

[z, m@)]

[0c—p.c, ]

Fig. 1: Deep AIF framework for computing EFE

EFE is computed as follows. First, a prior is formed
given the last P 4 1 observations and actions, repre-
senting the agent’s belief about both the current situa-
tion and the next F' time-steps. Next, a reconstruction
6§?P,t+F ~ P(ot—piir|2t, W(i)) is generated for each pol-
icy 7(¥). Each is then provided to the posterior model giving
Q¢(2t4F|0t—p:utr, ™), representing the agent’s prediction
of its future belief state under a 7(?). The expectations in (2)
are estimated via ancestral sampling from Qg (z¢|ot—p.t, ).
10 samples of z; are drawn, resulting in 10 reconstructions
and predicted posteriors.

Both EFE terms can then be computed for each policy.
Since our likelihood is assumed to be a homoscedastic
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Gaussian, the pragmatic value term is equivalent to a -
weighted MSE (ignoring constants):

PV = —yMSE(6;_ p.t+ Fs Ogoal), 3)

and the information gain term measures how much new
information the agent expects to gain for a particular policy:

IG(Z) - DKL [Q¢(zt|6§i_)P;t+Fa ﬂ-(l))HQ@ (zt|0t—P:ta ﬂ-)}
“4)
Once the EFE for each policy has been computed, the
policy that minimizes EFE is selected deterministically:

7 = argmin(G(x™)). &)

B. ID-CNN CVAE model

Our model is implemented as a ID-CNN based
Conditional-Variational Autoencoder (CVAE) architecture
with separate prior and posterior encoder networks. Using a
CVAE means that we can condition the model on the policy
and thus predict outcomes contingent on specific policies.
Furthermore, the use of 1D convolutions instead of dense
layers allows our model to better learn temporal patterns in
the flat time-series input data.

Unlike the classical CVAE, our model uses a dynamic
prior model conditioned on a reduced sequence of observa-
tions o;— p.;. This choice allows for the prior to be used in
a predictive capacity by estimating the probability of policy-
conditioned futures based on currently available information.
By contrast, the posterior model only seeks to encode infor-
mation contained in observations up to the present moment.
This is a crucial detail in our EFE computation. The overall
model parameters, including kernel sizes and layer depths,
are summarized in Table 1.

The loss function is the standard S5-VAE ELBO loss,
containing reconstruction and regularization terms:

Levae = B DkL|Q¢(zi+F|0t— putr, ) || Qo(zt|ot—put, €)]
+MSE(6:—pit 47, 0t— Pt F) - (6)

Note that this loss function is equivalent to the VFE
shown in (1). The [ parameter scales the influence of
regularization term relative to the reconstruction term. The
regularization loss represents the difference between the ap-
proximate posterior distribution Q4(2¢+r|0¢—p.t4F,c) and
the prior distribution Qg (2¢|0t— p.t,c). Since our framework
uses a moving prior, the regularization term acts both to
regularize the posterior representation and to improve the
predictive capabilities of the prior model. The reconstruction
loss is the mean squared error between the observation
data (without conditional vector) and likelihood model’s
reconstruction. This term encourages accuracy of the model’s
latent representation.

TABLE I: 1D-CNN based CVAE architecture layers (stride

and pooling are always 2 and 1 respectively)

Posterior Encoder

Prior Encoder

Likelihood Decoder

Convld (32, k=7) Convld (32, k=17) Linear 3200
LeakyReLU LeakyReLU LeakyReLU

Convld (64, k=5) Convld (64, k=5) Unflatten

LeakyReLU LeakyReLU ConvTransld (64, k=3)
Conv1ld (128, k=3) Conv1ld (128, k=5) LeakyReLU

LeakyReLU LeakyReLU ConvTransld (32, k=5)
Flatten Conv1ld (128, k=3) LeakyReLU

Linear 256
/

/

LeakyReLU
Flatten
Linear 256

ConvTransld(6, k=7)
Tanh
/

C. Experimental framework

The overall framework developed in ROS Noetic distribu-
tion is presented in Fig. 2. It consists of two ROS nodes:
one for the robot control and another for planning future
actions by computing EFE: cartesian_impedance_controller
and deep_active_inference_framework respectively.

/franka state: end-effector position -> [X.., Y. zc|

/Fext: external force ->[Fext,, Fexty Fext,]

Cartesian impedance controller

franka state

/[stiffness parameter: K,

o= I (K (% = ) = D))+ Tuatpc + Teoilis + Tisanity

Jjoint torques: z,

/desired position: end-effector position -> [x, ¥,Z4]

Fig. 2: ROS implementation of the overall framework on
the Franka robot, featuring deep AIF and impedance control
nodes.

The robot control node is a modification of the offi-
cial ROS node from franka_ros package, which implements
Cartesian impedance control. We modified the node to dy-
namically receive different stiffness parameters K, during
robot motion execution. It receives desired end-effector po-
sition data at 200 Hz, which is transferred into robot joint
torques through the impedance control law:

Te=J" (Ku(xa — Xe) — DuXe) )+ Taulispace + T coriolis+ T gravity »
@)

where 7. is the commanded joint torque vector, X., X.
and x4 are the current end-effector pose and velocity, and
the desired end-effectors pose, K, and D, are the Cartesian
stiffness and damping matrices, Tpulispace 1S the torque
component for nullspace control, T oriolis compensates for
Coriolis forces, and Tg;avity compensates for gravity.

At the same time, the deep AIF node uses the generative
model to compute EFE and select the policy. It receives
the current end-effector positions and applied external force
data at 200 Hz, which is scaled and resampled to match
the training data. A prior window is constantly created
from the past 97 robot data samples, as well as the robot
policy. After receiving the first prior window, the deep AIF
framework computes EFE for both policies at 1 Hz, chosen to
provide a smooth policy transition, and selects the policy that
minimizes EFE for the current prior window. The selected
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policy, stiffness parameter K, is sent to the control node to
adjust the robots behavior accordingly.

D. Experimental scenario

In this study, deep AIF has been examined in a pHRI
experimental scenario with a collaborative robot Franka
Research 3 (FR3). The robot’s predefined motion is to go
along the X-axis of its base coordinate system, moving
forward-backward during 10 cycles. Y and Z coordinates
should remain constant, where the goal observation 044 is
to maintain the same Y value as in the beginning of the
motion, Y = 0. The duration of the motion is around 100
seconds.

The robot’s mechanical adaptability in response to external
forces depends mainly on the choice of the stiffness pa-
rameter (SP) values K, in the Cartesian impedance control
scheme. For this experiment, two stiffness parameter values
were chosen as actions. These values are selected empirically
to represent different interaction modes: the high stiffness
to provide sufficient robot rigidity, and the lower to allow
human to easily guide the robot during the interaction.

« High Stiffness Parameter (HSP):

K. = diag([300,300,300] Nm™", [30,30,30] Nmrad™")

o Low Stiffness Parameter (LSP):

K, = diag([300,50,300] Nm~", [30,30,30] Nmrad ")

In our experimental setup, the pHRI is characterized by
three different types of interaction, regarding the applied
external force, as presented in Fig. 3:

o No applied external force: There is no physical in-
teraction between the robot and the human; the robot
continues following its defined motion along the X-axis.

o Applied external force — Pushing: User is pushing the
robot along the Y-axis. The applied external force along
the Y-axis is positive.

o Applied external force — Pulling: User is pulling the
robot along the Y-axis. The applied external force along
the Y-axis is negative.

(c) Applied external force — Pulling

Fig. 3: Experimental scenarios: (a) no applied external force,
(b) human pushing the robot, (c) human pulling the robot.

The interaction differs depending on the SP. In the HSP
case the human applies short, regular bursts of pressure to

the robot, whilst in the LSP case, the human moves the arm
as far as the SP will allow.

In addition, the preference precision parameter +y is var-
ied during the pHRI experimental scenario in order to
investigate its effect on the trade-off between exploration
and exploitation robot performance. The ~ values used for
the investigation are selected to cover a range of non-
extreme robot behaviors for the chosen setup, varying
from low to high. Specifically, the tested values are: v =
{0.1,0.5,0.75,1,1.5,2,5}.

E. Dataset and training process of 1D-CNN CVAE model

For our training dataset, we recorded 180 pHRI scenarios
(60 for each scenario individually), each around 100 seconds
long. These included robot end-effector positions and exter-
nal forces along three axes and SP. During the recording pro-
cess, SP were dynamically switched after random intervals
between 1 and 15 s. This process ensured a rich variety of
collected motion patterns that contain sufficient examples of
action switching for the model to learn how to conditionally
generate observations based on the policy.

The data was collected at 200 Hz and then down-sampled
to 20 Hz. We also scaled all values to be between —1 and 1.
The processed data was then cropped to prior windows (4.8s,
97 samples) and posterior windows data (10.1s, 203 sam-
ples). The specific window lengths were chosen to provide
enough information to the posterior and prior models without
making reconstructions too challenging, and to maintain a
posterior—prior length ratio that allows the prior to predict
many future observations while still providing sufficient data
to inform its representation.

We held out 20% of the data for testing and validation
purposes and trained 600 epochs using the Adam optimizer
with a learning rate 10~%. During each epoch, corresponding
prior and posterior windows are randomly sampled from
the pre-recorded episodes. We set 8 = 50 to prioritize
regularization of the prior and posterior distributions over
achieving perfect reconstruction of the output data.

IV. RESULTS AND DISCUSSION

The following results illustrate how ~ affects policy se-
lection and, consequently, the robot behavior under different
interaction types. In the absence of external force provided
by the human, the robot prefers to choose the high stiffness
policy and exhibits goal-directed behavior for any chosen y
values, meaning that it does not have high effect on robot
behavior when there is no human intention to change it. On
the other hand, during applied external force interactions,
both pushing and pulling, the results show that for low ~y
values, the robot tends toward exploratory behavior, deviating
from its goal trajectory in order to acquire more information
about human intention. At high  values, the robot exhibits
goal-directed behavior, not allowing human to disturb its
target motion.

To provide a demonstration on the obtained results, specif-
ically on the direct physical interaction scenarios between
human and robot, Fig. 4 provides examples of robot data and
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Fig. 4: Examples of robot data results for pushing pHRI scenario

—HSP

EFE computation results for pushing scenario on low (y =
0.5), medium (v = 1) and high (v = 2) preference parameter
values. The robot data is presented in the first three rows of
Fig. 4: the first row shows robot’s end-effector X position,
the second row shows robot’s end-effector Y position in red
line, the third row presents robot’s external force along Y-
axis in green line. The second and third row also present used
policy in a particular moment: high or low SP in the orange
line. The last three rows demonstrate differences between
LSP and HSP computed data from deep AIF framework: IG
difference in the fourth row, PV difference in the fifth row
and EFE difference in the sixth row.

Examining Fig. 4, it is revealed that the deviation of
the end-effector position along Y-axis is larger for low ~y
value than for high ~ value. For low v, EFE is dominantly
minimized by LSP, leading the robot to adapt more to the
human applied force and to explore human’s intention. As vy
increases, HSP becomes more effective in minimizing EFE,
making the robot maintain goal motion without adapting or
showing an interest to discover what human aims. Medium
~ is the one in which mixed robot behavior can be observed,
both the stiff motion of not allowing human to make it
deviate from its goal, such as shown in the part of Fig. 5b
around 20 seconds, and more adaptive behavior where robot
allows human to change its motion and push it more, such
as the part around 70 seconds shows.

Since Fig. 4 shows only examples of pushing interaction
scenario, Fig. 5 provides the overall trend for applied force
scenarios, both pushing and pulling together, obtained from
five recordings for each of the presented vy values. Fig. 5a
and Fig. 5b reveal that the «y parameter crucially influences
on robot behavior. For low  values, LSP policy dominantly
minimizes EFE, leading to an exploratory behavior, while
as v increases, robot behavior tends toward HSP policy,
resulting in goal-directed behavior.

Percentage (%)
Average EFE

[ —-s

¥y=01 y=05 y=075 y=1 y=15 y=2 y=5

(b) The average value of EFE for
each policy

ey i T B o
7| m—-sp e Py - N
51
s of w—sp
.
“TT¥=01 y=05 y=075 y=1 y=15 vy=2 y=5 Y

Y=01 y=05 y=075 y=1 y=15 y=2 =5

“TY=01 y=05 y=075 y=1 y=15 y=

(a) The percentage of policy se-
lection

Average IG
Average PV

(c) The average value of IG for
each policy

(d) The average of PV for each
policy

Fig. 5: Deep AIF data analysis for both applied force scenarios

Fig. 5d of average PV and Fig. 5c of IG average can
further explain the policy selection, as they are two main
components of EFE. At low v values, PV is small for
both policies, making the policy choice more sensitive to
IG value. Since the model expects to gain more knowledge
about human intention if it adapts its motion and deviates
more, the model selects LSP policy, as it provides higher IG
value on average. On the other hand, higher v values amplify
PV term, especially for LSP policy. which will influence on
producing higher EFE value and allowing HSP to become a
dominant policy that minimizes EFE. This behavior results
in choosing goal-directed behavior. Moreover, it is noticed
that IG value increases as the ~ increases as well, because
the robot resistance and goal-directed choice for higher ~
prevents the model from learning about human intention.

Overall, the results demonstrate that the robot behavior,
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based on EFE minimization principle, is mainly influenced
by preference precision parameter -y value during pHRI. They
confirm that developed deep AIF framework enables the
robot to manage the uncertainty of human intention across
different pHRI scenarios by handling the trade-off between
exploration and goal-directed behavior, and also show how
the IG term can be framed in terms of exploring interactions
with other agents in AIF.

V. CONCLUSION

This study examined the AIF principle to tackle a fun-
damental challenge of dealing with uncertainty of human
behavior during interaction with a robot. A deep AIF frame-
work was developed to enable a robot to infer human
intention and make action choice based on EFE minimization
principle. This framework integrated perception, prediction
and action in the same planning process. The experimental
results showed that the robot behavior choice was highly
influenced by preference precision parameter ~ value during
applied external force interaction scenarios: low ~ values
favored exploratory behavior, while high v encouraged goal-
directed behavior. These findings demonstrate that the pro-
posed deep AIF framework can support adaptive and goal-
directed robot performance in the presence of differing
human intentions. Future research will extend this work
implementing more complex pHRI experimental scenarios
and possibly the integration of multimodal sensory inputs,
such as vision, to assist the inference process of human
intention.
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