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Abstract—Recent advances in manufacturing have positioned
human-robot collaboration as a key enabler of flexible produc-
tion, placing increasing demand on automation systems capable
of anticipating human motion rather than merely reacting to
it. Purely reactive safety can be overly conservative, while fixed
motion forecasting can be brittle under missing observations or
ambiguous human subgoals. We propose a probabilistic short-
horizon active-inference framework over robot motion primitives,
with epistemic value restricted to uncertainty over the human’s
current subgoal in a known ordered task. A learned human-
motion model conditions the forecast, while a safety shield bounds
predicted collision energy in shared pick-and-place. Individual
components have been implemented and evaluated; ongoing work
integrates them toward standards-compliant collision mitigation.

I. INTRODUCTION & BACKGROUND

Collaborative industrial robot deployments are governed
by standards such as ISO 10218-1/2:2025, which incorporate
collaborative-application guidance from ISO/TS 15066. These
standards provide essential safety requirements, but practical
deployments often rely on conservative assumptions that can
reduce task efficiency when human motion, task context,
and contact conditions vary. This motivates robot controllers
that are not only standards-aware, but also context-aware and
uncertainty-aware.

Towards this vision, our work aims to integrate recent
work on (1) human-robot collision risk assessment (Section
II-A), (2) task-aware probabilistic hybrid dynamical human-
motion modeling (Section II-B), and (3) active-inference robot
planning under uncertainty (Section II-C). We envision a
deployment that infers task-aware human dynamics and intent,
and adapts robot plans to actively reduce uncertainty while
maintaining safe, standards-compliant collision mitigation.
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Fig. 1. Experimental setup and human-motion modeling results. Left: Kinova
Gen3 Lite robot and motion-capture markers. Center: Drake simulation. Right:
task-aware model results from motion-capture data, showing learned switching
latent dynamics (top) and rsLDS mode-transition structure (bottom).

II. APPROACH
A. Safe & Standards-Compliant Collision Modeling

We consider collaborative tasks where incidental human-
robot contact is permissible when it remains within the limits
prescribed by relevant standards and regulations, specifically
ISO 10218-1/2:2025, which also includes ISO/TS 15066.
Strictly contact-free policies can lead to unnecessary delays,
stop-work time, or awkward interactions. We aim to show that
dynamically controlling robot energy, conditioned on task-
aware human-motion forecasts, improves task performance
relative to policies that avoid all contact and ignore human
intent.

Standards-compliant' collisions satisfy:
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where for this work keg = (kgolderk;;mp)—l combines body-
region and end-effector stiffness, and the reduced mass is:
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with my from ISO 10218-2:2025 tables and mpg(q,n) =
(RT[IM(q)~tJT] " h) ! the posture-dependent robot effec-
tive mass [1], superseding the normative approximation (in
which mg = M/2 + m, with my, the payload mass).

M:

Defined in ISO/TS 15066, ISO/PAS 5672, and ISO 10218-2:2025.



At deployment, the robot constrains vg and configuration-
dependent mp to satisfy the applicable collision-energy limit,
leveraging recent human-robot impact-force models [1], [2].

B. Task-aware Human-Motion Modeling

Inspired by structured world models from [3], we model
hybrid human motion with a recurrent switching linear dy-
namical system (rsLDS) [4] with continuous state x;, discrete
mode z; € {0,..., K — 1}, and marker observation y;:
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Where Cat(+) is categorical; softmax is over the K modes; and
(W, ¢5), (Ak, bk, Qr), and (C,d, R) are learned transition,
dynamics, and emission parameters. Each observation has a
visibility mask r;; missing coordinates are omitted from the
emission likelihood, log p(y; | x4, 7) = 10g (Yt,0bs | Tt), €8-
sential for motion-capture sequences with rigid-body dropout.

A task-level Hidden Markov Model (HMM) tracks progress
through a known ordered task script Tc = (Ye15---sYe,L.)s
where each . ¢ denotes a semantic subgoal, such as grasping
an object or placing it in a bin for episode e. We treat task-level
human intent as the current subgoal index g; € {1,...,L.}.
Target-relative features are computed for each candidate sub-
goal, yielding the posterior g7 (¢) = p(g: = £ | Yo:t,70:t, Te)-
At runtime, a Rao-Blackwellized particle filter [5] samples
rsLDS mode paths while marginalizing the linear-Gaussian
state with Kalman updates. Forecasting is a prediction-only
rollout from the filtered particle bank, providing causal human-
motion estimates for closed-loop robot planning.

C. Robot Active Inference

Active inference has recently shown promise as a principled
method for simultaneous perception and decision-making un-
der uncertainty in robotic applications [6]. Relative to standard
POMDPs and control-as-inference formulations, it emphasizes
expected free energy: a trade-off between preferred outcomes
and expected information gain about hidden states. We use
this view to select policies over a small library of robot
motion primitives, e.g., retreat, pregrasp, pick, move-to-bin,
and place. Candidate policies wﬁt v over horizon N are rolled
out using robot kinematics, workspace updates, and human-
motion forecasts. The planner minimizes the expected-free-
energy objective:

G(n®) = J(x®) - BT, (x"),
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where C. denote costs, S; contains the filtered human,
task, workspace, and robot states, and 8 > 0 weights
information-seeking behavior relative to the task-directed cost.
The information-gain term is restricted to uncertainty over the
human’s current subgoal:

Ty(n") = H(q?) = Bgp(is,am) [Hlglin)] )
where H(-) is entropy and ¢ is the future observation sequence
predicted under 7%. Thus, the robot values policies expected
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to clarify human intent while keeping task, delay, and safety
costs low. A safety shield rejects or modifies unsafe primitive
execution using the conditions defined in Section II-A. The
active inference objective improves nominal behavior under
uncertainty, while the shield enforces safety constraints during
execution.

III. PRELIMINARY RESULTS & FUTURE WORK

The core framework components have been evaluated in-
dependently in simulation and on hardware. The setup uses
a Kinova Gen3 Lite, wrist-mounted RGB-D camera, human-
arm motion-capture markers, and an external camera for
workspace-state estimation. The framework leverages Drake
for model-based robot planning and control [7], and existing
structured Bayesian inference tools [8], [9]. Figure 1 shows the
hardware setup, the simulation counterpart, and representative
results of the rsLDS/HMM/RBPF for human-arm motion in a
pick-and-place task.

Future work will integrate the safety shield, human-intent
inference, motion forecasting, and active-inference planner
into a closed-loop shared pick-and-place system. We will com-
pare our integrated solution against standards-compliant col-
lision mitigation policies, evaluating whether active-inference
planning improves task efficiency while preserving standards’
safety limits. Metrics include task success, completion time,
robot idle time, minimum human-robot distance, shield inter-
ventions, and forecast/subgoal prediction error under observa-
tion dropout, task context, and human-subgoal uncertainty.
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