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Abstract— We propose a method that autonomously learns
tactile exploration policies by developing a generative world
model that is leveraged to 1) estimate the object’s physical
parameters using a differentiable Bayesian filtering algorithm
and 2) develop an exploration policy using an information-
gathering model predictive controller. We evaluate our method
on three simulated tasks where the goal is to estimate a desired
object property (mass, height or toppling height) through
physical interaction. We find that our method is able to discover
policies that efficiently gather information about the desired
property in an intuitive manner. Finally, we validate our method
on a real robot system for the height estimation task, where our
method is able to successfully learn and execute an information-
gathering policy from scratch.

I. INTRODUCTION

Robots deployed in unstructured environments must rea-
son about the physical properties of novel objects — mass,
height, friction — before reliably manipulating them. Unlike
geometric shape, these properties are not recoverable from
a single sensor reading; they require deliberate physical
interaction. Psychology refers to such goal-directed touch as
exploratory procedures [1]: lifting to judge mass, pressing
to judge stiffness, pivoting to judge the center of mass.
Designing such procedures by hand is brittle and object-
class-specific. We instead pose the problem as one of active
Bayesian inference: given a target property to estimate, learn
an exploration policy that gathers maximally informative
observations.

Our approach has two tightly coupled components. First,
a generative learning-based extended Kalman filter (EKF)
jointly estimates the robot/object state and the target property
from a stream of proprioceptive and force/torque observa-
tions, without requiring ground-truth state supervision. Sec-
ond, an information-seeking model-predictive control (MPC)
controller uses the learned model to simulate belief tra-
jectories forward and selects actions that minimise future
uncertainty about the property. Trained end-to-end with no
human demonstration or task-specific controller engineering,
the system discovers diverse, intuitive behaviours tailored to
each task.

Our three main contributions are: (i) a novel observation-
likelihood loss for differentiable Kalman filtering that re-
quires no state labels; (ii) an information-gathering controller
that plans in belief space using the learned model; and
(iii) experimental validation on three physics simulation
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Fig. 1. Three exploratory strategies discovered by our method for
estimating center of mass (COM), mass, and friction respectively.

benchmarks and a real 7-DoF robot arm. The complete,
published version of this work is available in [2] and [3].

II. RELATED WORK

Classical state estimation appends unknown parameters
to the Kalman filter state [4] to enable parameter estima-
tion, but assumes known models. Recent work fuses deep
learning with Bayesian filtering: Lee et al. [5] provides
a differentiable filtering library covering both generative
and discriminative models, though generative models there
require full state supervision during training. Haarnoja et
al. [6] presents a discriminative Backprop Kalman filter that
replaces the observation model with a direct state predictor;
such discriminative formulations cannot simulate the belief
forward in time, which is essential for planning. On the active
perception side, Denil et al. [7] use deep RL to determine
“which object is heavier” via constrained pushes; Swing-
Bot [8] uses a hand-engineered shaking routine before a
swing-up task. Our method differs in learning unconstrained
exploratory procedures for a 7-DoF arm with no human-
specified action structure.

III. METHOD

We model interaction as a partially ob-
servable Markov decision process (POMDP)
(S,M,A, p(st+1|st,m, at),Ω, p(ot|st), c). The latent
state st ∈ Rn captures robot and contact dynamics; the
scalar property m ∈ M (mass, height, etc.) is fixed
throughout an episode but unknown. At each step the robot
receives observation ot (joint positions, velocities, wrist
wrench) and executes action at (end-effector velocity). The
goal is to estimate m accurately by the episode end.

a) Learning-based generative EKF: We learn neural
dynamics and observation models

st = fθ(st−1,m, at−1) + Σθ(st−1,m, at−1)wt, (1)
ot = hθ(st) + Γθ(st) vt, (2)

with wt, vt standard Gaussian noise. By appending m to the
state and running a differentiable EKF, we obtain the pre-
dicted belief b̄t = N (st,m; µ̄t, Σ̄t) before incorporating ot,



and bt after incorporating ot. Marginal beliefs for s and m are
denoted bst , b̄st and bmt , b̄mt respectively. Training maximises
a novel observation evidence lower bound (ELBO)

Lo =

T∑
t=1

1

N

N∑
i=1

log p(ot|θ, sit), sit ∼ b̄st , (3)

and a Gaussian property-estimation likelihood on bmt against
the ground-truth m:

Lm = −
T∑

t=1

log bmt (m). (4)

Because the observation model is generative (not discrimina-
tive), we can roll out the belief forward in time for planning.

b) Information-gathering controller: At execution time
we run a receding-horizon MPC that selects the action
sequence at:t+H minimising predicted property uncertainty:

J(at:t+H) =

t+H∑
τ=t

σm
τ , (5)

where σm
τ is the predicted standard deviation of the property

marginal, simulated forward using the learned model. The
cost J is optimised through a sampling-based method.

c) Training loop: Model and controller are trained
jointly in a data-collection loop: the robot executes the
current best policy, and the collected transitions are used
to update the EKF network parameters.

IV. EXPERIMENTS AND RESULTS

a) Simulation: We evaluate on three Robosuite [9]
environments: mass estimation (tabletop pushing), height
estimation (contacting an upright cylinder from above), and
toppling-height estimation (pivoting an object to find its
tipping point). Each episode uses a different randomised
property value; the robot has H = 10 planning horizon. We
compare against a model-free gated recurrent unit (GRU)-
based TD3 baseline [10] with the same architecture capacity,
rewarded for property estimation error. After 50,000 interac-
tions our method achieves lower mean absolute error (MAE)
and more consistent policies across all three tasks. Qualita-
tively, the discovered strategies match intuitive exploratory
behaviours: sliding contact for height, repeated lifts for mass,
and angular pivoting for the toppling height.

b) Real robot: We deploy the height-estimation policy
on a Franka Emika Panda arm equipped with a Robotous
wrist force-torque sensor and a 3D-printed palm end-effector;
joint angles and wrist wrench are the only sensing modalities.
The policy is trained entirely from real interactions (no
simulation transfer). After 50,000 interaction steps the robot
achieves a mean absolute height error of 1.19 cm, demon-
strating that the method scales to noisy hardware without
modification.

Fig. 2. Real robot setup for the height estimation experiment: (a) the
Franka Emika Panda arm, (b) the motorised platform whose height changes
each episode, (c) the Robotous RFT60-HA01 wrist force-torque sensor, and
(d) the 3D-printed palm end-effector.
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Fig. 3. Learning curves for two simulation tasks. Our method (reaches
lower MAE than the RL baseline and does so with fewer environment
interactions.

V. CONCLUSION

We presented an active tactile perception framework that
autonomously discovers exploratory procedures by coupling
a generative differentiable EKF with belief-space MPC. The
method requires only scalar property labels during training
and produces diverse, task-specific behaviours in both simu-
lation and on a physical robot. Notably, the real-robot policy
converges to a useful exploratory behaviour in under three
hours of interaction time, highlighting the data efficiency
of the approach. Future work will investigate relaxing the
property supervision requirement and extending to multi-
property estimation.
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