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RUMI: Rummaging Using Mutual Information

Sheng Zhong

Abstract—In this article, we present rummaging using mutual
information (RUMI), a method for online generation of robot
action sequences to gather information about the pose of a known
movable object in visually occluded environments. Focusing on
contact-rich rummaging, our approach leverages mutual infor-
mation between the object pose distribution and robot trajectory
for action planning. From an observed partial point cloud, RUMI
deduces the compatible object pose distribution and approximates
the mutual information of it with workspace occupancy in real
time. Based on this, we develop an information gain cost function
and a reachability cost function to keep the object within the robot’s
reach. These are integrated into a model predictive control (MPC)
framework with a stochastic dynamics model, updating the pose
distribution in a closed loop. Key contributions include a new belief
framework for object pose estimation, an efficient information gain
computation strategy, and a robust MPC-based control scheme.
RUMI demonstrates superior performance in both simulated and
real tasks compared to baseline methods.

Index Terms—Active perception, mutual

information, manipulators.

robot control,

1. INTRODUCTION

CTIVE exploration, the process of autonomously planning
A actions to gather more information about a target quantity,
is a core problem in robotics, particularly when dealing with
unknown environments [1]. This problem encompasses a range
of scenarios, differentiated by the type of robot (e.g., mobile
versus stationary), the primary sensor modality (often vision),
and the specific quantity to be estimated.

As robotics applications have transitioned from known, struc-
tured environments like factories to the unknown, dynamic
environments of homes, new challenges have emerged. One
critical application area is object manipulation, where visual
perception is often hindered by occlusions caused by both
the environment and the objects themselves [2]. To address
these challenges, we focus on actively exploring to estimate the
pose of a movable object with a known shape through contact-
rich interactions, commonly referred to as rummaging.

Occlusions of the target object, both from itself and from
other objects, motivate the need to use contact to determine the
object’s pose. Our prior work has investigated how to track the
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position of contact points during rummaging with an unknown
number of objects [3], and how to estimate the plausible set of
object poses given observed contact and free space points [2].
However, the problem of how to plan information-gathering
trajectories to estimate a movable object’s pose is still under-
explored. A primary challenge is the object’s mobility, coupled
with the requirement for contact-based information collection.
Without careful planning, making contact can inadvertently push
the object out of the robot’s workspace, as evidenced in our
experiments.

Active exploration is often framed from an information-
theoretic perspective, where the quantity to be estimated is
treated as arandom variable, and actions are selected to minimize
its uncertainty. This approach can be computationally expen-
sive, necessitating a tradeoff between accuracy and speed or
limiting the exploration to a single next best action. In addition,
some methods restrict the action space to movements along
the object’s surface [4], [S]. While this restriction simplifies
the problem, it also limits the robot’s capabilities. Instead, we
aim to enable robots to make and break contact dynamically
throughout the rummaging process, enhancing their exploratory
capabilities.

To address the above challenges, we present rummaging us-
ing mutual information (RUMI), an active exploration method.
Specifically, our contributions include the following.

1) A framework for creating and updating a belief over poses
given observed point clouds, augmented with volumetric
semantics, such as whether each point is in free space
or on the surface of the object, based on the discrepancy
formulated in constrained pose hypothesis set elimination
(CHSEL) [2]

2) A measure of information gain based on the mutual infor-
mation between the object pose and volumetric semantics
at the positions that the robot trajectory will cover, and
show that it can be efficiently computed in parallel for
dense workspace points in real time

3) A closed loop MPC planning framework using cost func-
tions based on the information gain and maintaining object
reachability, and a stochastic object dynamics model

In our experiments, we show that RUMI is the only method
to achieve consistent success in simulated and real robot rum-
maging tasks across various objects.

II. RELATED WORK

In a broad sense, we focus on the problem of actively ex-
ploring an unknown environment to reduce the uncertainty of
some quantity. We specifically consider the distinction of active
perception, or sensor path planning [1], [6], [7], in which a
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Fig. 1. (a) Real-world active exploration experiment where the goal is to
estimate the pose of a movable mug. The mug pose is ambiguous due to self
occlusion. (b) Initial point cloud view of the scene from the camera perspective.
(c) Top-down view: RUMI maintains a belief over the mug’s pose using a
particle filter, where the pose particles are shown as overlaid objects with their
relative likelihood indicated by color ranging from blue to yellow. Observed
surface points are in red. From the pose particles and observations, RUMI
generates an information gain field to plan over, shown as a heat map. Note
the ambiguity and resulting information gain is concentrated on where the
handle could be. (d) Even without making contact with the handle, the robot
sweeps out free space eliminating pose particles with handles on the left side
and constraining the pose. (e) Finally, making contact produces an accurate pose
estimate.

robot explores an environment without interacting and changing
it, with interactive perception [8], in which the robot must
change the environment to explore it. This article focuses on
the interactive perception problem of estimating the pose of a
movable rigid object with a known shape using a robot arm.
The environments we are interested in include cabinets and
other tight spaces which limit the ability of the robot arm to
grasp top-down. Prior work considering uncertainty in similar
environments [9] assumed a static environment while we allow
for movable objects.

Purely vision-based approaches in these environments suffer
from occlusion, a restricted field of view, and the close range
of the robot wrist to objects during the course of rummaging
(making it difficult to use a wrist-camera). In addition, we
consider tasks that require physically moving other objects in
order to access the target object in Section V-J.

In general, active exploration is the iterative process of the
following, and illustrated in Fig. 1 for RUML

1) Forming a belief over state given observations.

2) Computing expected information gain over a workspace.

3) Planning an action sequence.

4) Executing some of the action sequence and collecting
observations.

A. Representing Belief

Representations suitable for active exploration have been
studied extensively. In many cases, parametric filters like the
extended Kalman filter [10], [11] may be used when the posterior
of the quantity of measure should be approximately Gaussian.
Otherwise, nonparametric methods like particle filters [12], [13]
are often used. Occupancy grids have also been popular, e.g.,
used in the simultaneous localization and mapping variant of
active exploration [14], [15], [16]. In particular, when assuming
each grid cell is independent, information gain based on the
entropy of all the cells may be efficiently computed on an
occupancy grid. We make a similar assumption that enables
efficient computation of our information gain.

Recently, Gaussian processes (GPs) [17] have also been used
for estimating object shape. GP implicit surfaces (GPIS) have
shown strong representation power [5], [18]. GPIS uses a GP to
output a field in which the O-level set represents the surface of
the object. In our method, we do not need the full representation
power of a GP since we have a known object shape. Instead,
we use a particle filter to represent the pose distribution, and
present a novel way to evaluate the particle probabilities given
an observed point cloud.

B. Information Gain

The information gain can be formulated in many ways, often
depending on the belief representation. For GPIS the variance
of the GP [5], or the differential entropy of the GP for adding a
new data point [19] can be evaluated directly and used. However,
despite work on geometric shape priors for GPIS [20], there
remains no satisfactory way to condition a GP on a known
shape with unknown pose. We implement a GPIS baseline and
condition it on the shape by augmenting the input data. Mutual
information between observations and the estimated quantity
is also common [17], [21], which measures the reduction in
uncertainty of the estimated quantity given the observations.
Thus, we formulate our information gain function based on the
mutual information between the object pose and the occupancy
at points a robot trajectory would sweep out.

C. Planning

Searching for an optimally informative trajectory is usually
computationally intensive. GP-based methods in particular are
limited by inference times that grow rapidly with increasing
number of data points, often addressed by using sparse GPs or
downsampling to tradeoff accuracy [22]. Some methods greedily
selects the optimal next configuration, and additionally constrain
the action space to slide along the surface of the object [4], [5].
Our formulation of the information gain allows us to efficiently
evaluate it for many query trajectories in parallel, enabling us to
use longer-horizon planning methods, such as sampling-based
model predictive control (MPC) in a closed loop. We consider
difficult tasks which necessitate long horizon planning.
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Active exploration problems also differs by sensing modality.
In the context of object shape and pose estimation, the most com-
mon modality is visual perception, with the common framing of
the problem as finding the next best view [23]. Tactile approaches
have also demonstrated success [5], [24], as well as hybrid
approaches [25], [26]. Tightly coupled with sensing modality
is the distinction of whether the robot is passively observing
the environment or actively interacting with and changing the
environment as in the interactive perception problem [8]. RUMI
is a hybrid approach for interactive perception, primarily rely-
ing on contact-rich interactions using tactile sensors, but also
leveraging visual perception to initialize pose estimates. Unlike
most other methods for object pose or shape estimation, we
do not assume the object is stationary, which accounts for a
large part of the difficulty. We additionally consider an unknown
number of unknown objects cluttered around the target object in
Section V-J. The closest method to ours is Act-VH [25], which
trains an implicit surface neural network to output hypothesis
voxel grids of seen objects given a partially observed point cloud
and selects the best point to probe next. One major weakness of
this method is the need to either retrain their network on all
candidate objects whenever there is a new target object, or to
train a network per object and assume object identity is known.
Our method can be applied to new known objects without any
training. In addition, their object is in between the robot and
the camera, meaning that the visually-occluded region is highly
reachable, bypassing a major challenge that we address. Lastly,
we consider the information gain from full robot trajectories
rather than a single next point to probe.

III. PROBLEM STATEMENT

Let g € RN« denote the robot configuration, and u € RV«

denote control. We study a single robot exploring an unmodeled
environment, using limited visual perception and contact-heavy
rummaging to estimate the pose of a single movable rigid target
object of known shape. A rigid object’s configuration is defined
by its pose, a transform T € SE(3). Every T can be identified
with a R4*4 homogeneous transformation matrix, and for conve-
nience, we use X = Tx to denote the homogeneous transform
of point x € R? from world frame coordinates to the object
frame of T (homogeneous coordinates have 1 appended). There
is an underlying dynamics function f :RNe¢ x RN« — RMa
that we do not know, but are given the free space dynamics
function fy : RNa x RN« — RNe, The difference in dynamics
is primarily due to contact between the robot and the target
object. We are interested in generating a fixed length trajectory
of T actions, uy, ..., ur to actively explore and estimate the
target object’s pose.

Specifically, we have the target object’s precomputed object
frame signed distance function (SDF) derived from its 3-D
model, sdf : R® — R. After each action, sensors observe a set
of points at time ¢ : X} = {(x1, 1), ..., (X, $n) }+ with world
positions x,, € R® and semantics s,, (described below). For
convenience, we call each pair (x, s) a geometric feature. Let
X denote the accumulated set of geometric features up to and
including time ¢. Sensors may include but are not limited to
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Fig. 2. Example sensor model that gives a probability of observing each
semantics class given a SDF value.

robot proprioception, end-effector mounted tactile sensors, and
external cameras, but all must produce outputs convertible to
geometric features.

We treat the pose of the target object as a random variable
and define p('T|X;) as the posterior probability distribution over
poses given X;. Observation noise, object symmetry, and the
partial nature of X; results in pose uncertainty.

Let T* be the true object transform, then the observed seman-
tics are

free, implies sdf(T*x,,) > 0
$n = { occupied, implies sdf(T*x,,) <0
surface, implies sdf(T*x,) = 0.

For a workspace point x that we have not observed, its se-
mantics is a discrete random variable Sy with the shorthand
p(Sx) = p(s|x). We are given a sensor model p(Sx|T) =
p(Sx|sdf(Tx)), such as in Fig. 2, that gives the probability
of observing each s value given a SDF value. The sensor model
does not consider uncertainty over the position, and we assume
we are given exact positions with only uncertainty over seman-
tics Sx.

Given a prior pose distribution p(T), for example knowing
the object is upright but having a uniform distribution on its
orientation and position over the surface of the workspace, and
starting at g1, our goal is to estimate the pose of the object by
maximizing the expected information gain after 7" actions

argmax Ey,[Dgr(p(T|X7)||p(T))]

uy,...,ur

S.t. qt+1 = f(qt,ut), t= ]., .. .,T. (1)

The expectation is over the semantics of each position in Xr.
Note that this is equivalent to the mutual information between
T and Xp, I(T; Xr) [27].

We consider environments where there is initial occlusion
of the target object by the environment, other objects, or the
object itself. We have the model of the static environment, but
do not know how many objects there are. The challenge of this
problem comes from the need for contact-based perception due
to limited sensing capabilities, coupled with the fact that the tar-
get object is movable. Moreover, an ineffective action sequence
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Flow chart showing one time step of RUMI’s approach for solving (1). Beige blocks are inputs to this time step while green ones are outputs of this

time step. The process is also into evaluating current information gain, planning into the future using the information gain, and executing one step of the plan and

updating observations.

can result in undesirable contacts, potentially pushing the object
out of the robot’s reachable workspace. We assume the robot
impedance controller would not produce sufficient forces as to
violate the rigid-body assumption.

We evaluate the quality of the estimated pose distribution by
evaluating the likelihood of the ground truth pose £(T*|X,),
or equivalently its negative log likelihood (NLL). Low NLL
indicates both certainty and correctness of the pose distribution.
We do so by sampling a set of surface points in the object frame
and transforming them by T* to produce world positions X.
We then evaluate the NLL of all of the points having surface
semantics

nll(X) = —logp ﬂ Sx = surface|X | . 2)
xeX
We use this metric as well as computational efficiency to evaluate
our method against baselines and ablations.

IV. METHOD

Our high level approach to addressing the problem in (1) is
depicted in Fig. 3. We represent the pose posterior p(T|X) with
a particle filter and describe how to evaluate p(T|X). Next,
we present a tractable surrogate for information gain that we
develop into a cost function for MPC. To discourage trajectories
that move the target object out of the robot’s reachable area, we
develop an additional reachability cost function. Furthermore,
to estimate the displacement of the target object given an action
trajectory, we implement a stochastic dynamics model f . We
use the cost functions and the dynamics function inside MPC,
which executes in a closed loop for 7" steps. During this process,
we detail how to merge current observations with previous ones
and update the pose posterior p(T|X).

A. Representing Pose Posterior

We maintain a belief over the pose posterior p(T|X;) using a
particle filter, where each particle is a pose. We have P particles

T, p, with weights wy._p such that Z _, w; = 1. Our choice
of a particle filter over alternative representations is motivated
by the potential multimodality of the posterior and the ability to
process each particle in parallel.

A major obstacle to the tractability of solving (1) is the
information correlation between geometric features. Observing
one decreases the information gain from others in a nontrivial
manner, and it is a common long-standing assumption to con-
sider the information gain from each independently [28], [29].
Thus, we assume the conditional mutual independence of Sy for
all query positions x given observed X;.

Critical to our method is a way to evaluate the posterior

p(T|X). Our prior work CHSEL [2] formulated a differentiable

cost function ¢ (X, T) that evaluates the discrepancy between
X and T. It bears similarity to hydroelastic, or pressure field
contact modelling [30], [31], except in addition to the pressure
field penalizing object penetration, there are pressure fields
that penalize semantics violation, such as observed free space
geometric features being inside objects.

We simplify the third semantics class from CHSEL, which
represented known SDF of any value. We restrict it to s = 0,
which refers to surface points. The cost is formulated by first par-
titioning the observed X into Xy = {(x, s) | s = free}, X, =
{(x,$) | s = occupied}, and X5 = {(x,s) | s = surface}

CX,T)= > X+ Y G+ > a®) 6
x,5€X; x,5€X, x,5€X,

¢f(%x) = Cmax(0, @ — sdf (X)) 4)

éo(X) = C'max(0, o + sdf (X)) Q)

¢ (x) = [sdf (%) (©)

where C' > 0 is a scaling parameter and o > 0 allows for small
degrees of violation due to uncertainty in the positions.
Their gradients are defined as

Vég(x) = Cmax(0, o — sdf (x))(—Vsdf(x)) (7)

Authorized licensed use limited to: University of Michigan Library. Downloaded on March 11,2026 at 07:28:59 UTC from IEEE Xplore. Restrictions apply.



ZHONG et aL:IRUMI: RUMMAGING USING MUTUAL INFORMATION

5435
EEE Transactions on Robotics (T-RO) paper, presented at ICRA 2026, Vienna, Austria. Cite as T-RO paper.

Véo(x) = Cmax(0, o + sdf (X)) Vsdf(X) (8)
ViR (x) = sdf (x)Vsdf(x) 9)

where Vsdf(x) is the object SDF gradient with respect
to an object-frame position x and normalized such that
[|[Vsdf(x)||2 = 1.

Similar to energy-based methods, we use the Boltzmann
distribution [32], [33] to interpret (3) as the posterior pose
probability

p(T|X) = ne ¢ (10)

where A > 0 selects how peaky the distribution should be and 7
is the normalization constant such that [ ne™*¢(*T)gT = 1.
We observe that the cost in (3) is additive in the sense

C(XU(x,s),T) = C(X,T) +C((x,5),T). (11)

This is an important property that enables us to efficiently
evaluate information gain of all workspace positions in parallel.

B. Mutual Information Surrogate

Our conditional mutual independence assumption of p(Sx|X)
lets us consider the information gain from knowing the semantics
at a single new position, which we denote the information
gain field I(x|X). This is much simpler than considering the
information gain of a robot trajectory directly because there
is no time component or correlation between the semantics of
neighbouring geometric features. Suppose we have observed X
and want to evaluate the information gain from observing some
new geometric feature (x, s). Note that here we are querying a
specific given value of x, but Sy is still a random variable, so
the expectation is over p(Sx|X)

[Drr(p(T|X U (x,5))|[p(T|X))]
(12)

]

L= B

E |: [0
s | Trp(T|XU(x,s))
(13)

The forward Kullback-Leibler (KL) divergence results in an
expectation over p(T|X U (x, s)). Since we need to evaluate
the information gain for many positions in the workspace, this
becomes intractable.

To address this challenge, we use the reverse KL divergence,
since the expectation is then over p(T|X) for all queried po-
sitions. In general, KL divergence is not symmetric. However,
when two distributions are close together the KL divergence is
approximately symmetric [34], [35]. In our case the KL diver-
gence is between p(T|X) and p(T|X U (x, s)) with all having
SE(3) support, avoiding infinite divergences. As we increase ||
during exploration, we expect the two distributions to become
closer and the reverse KL to better approximate the forward KL
divergence.

Intuitively, a geometric feature has high reverse KL diver-
gence if it has high p(T|X) and low p(T|X U (x,s)). These
correspond to geometric features that would invalidate currently

high-probability poses i.e. these are positions we would like to
explore.
Using reverse KL, We now have

I(x|X) = E[Dgr(p(T|X)[[p(T|X U (x, 5)))] (14)
p(T|X) ”
=E E log ——————— 1| . 15
s me("rx){ gp(T|Xu(x, s)) (13
Substituting (10) in
[ p(T|X)
I, (x|X) = E |E |log ———F—— 16
(x]X) = E _T[ng(TXU(x,s)) (16)
i —2C(X,T)
— E |E |log — (17)
s |T 77267AC(XU(X,5),T)
[ e—2C(X,T) m
:IE ]g log o—+C(XU(x,s),T) —HOgn: (18)

= AE [g[_é(x, T) + C(X U (x, ), T))] +log %

19)

where 7; and 72 are the normalizing constants for p(T|X)
and p(T|X U (x, s)), respectively. First, we simplify using the
additive property of C [see (11)] then consider the normalizing
constants

1,(x|%) = A E [E[C((x,5), T)] | +log 7% (20)

s LT
We note that 7o depends on the querying position x because
each x induces a different p(T|X U (x, s)). This normalizing
constant is intractable to compute because it involves an integral
over T, so we instead optimize the approximation

I(x|x) = k@[@[é((x, s), T)l] 2D

=A Zp(sx = s|X) E[C((x,5), T)]. (22)
Selecting A too high leads to the pose particle weights dominated
by a few, causing particle degeneracy.

We approximate the expectation over the posterior by taking
the weighted sum over the pose particles

P

I(x]X) =2 ) ) p(Sk = s|X)w;C((x, 5), Ty).

s =1

(23)

Finally, we consider how we can approximate the conditional
semantics distribution p(Sx|&’), which is the last term required
for fully computing I (x|X"). We use the law of total probability

P(SxlX) = / (ST, X)p(T|X)dT.  4)

Here, again we approximate the expectation over the posterior
by taking the weighted sum over the pose particles

P
P(Sx|X) = > wip(S|Ti, X)

i=1

(25)
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Fig. 4. (Left) Example mug object with (middle) & rendered from a pinhole
camera on one side, not seeing where the handle is. The ground truth object
surface is outlined in dotted black, observed surface geometric features are inred,
and observed free space is in blue. (Right) The information gain field estimated
with P = 100 is darker where there is more information, where the handles
could be.

»
N

(

@

Fig. 5. Computed information gain field 7(x|X') from Fig. 4 with (left) P =
30, (middle) P = 100, and (right) P = 1000.

we assume the conditional independence of Sx and X when
given T, so

P
P(Sx|X) = Y wip(S|Ty)) (26)

.
= 3" wip(Silsdt(Tix))

i=1

27

where p(Sx|sdf(T;x)) is given by the sensor model.

Note that all the terms in (23) only query x and T p, without
needing to directly consider X’ U (x, s). This enables us to eval-
uate I(x|X) for all positions inside a workspace x € W C R?
in parallel.

C. Ilustrative Example

To develop intuition, we consider a mug as the target object,
depicted in Fig. 4 (left). Initially, a camera observes one side of
the mug, narrowing down its position. However, since it cannot
observe the handle and there is partial rotational symmetry,
there is uncertainty in the orientation of the object. Fig. 4
(right) is the computed information gain I(x|X’) over the entire
workspace, showing that most of the information gain is con-
centrated where the handle could be.

Intuitively, we expect a smooth dark band where the handles
could be but observe unevenness. This is due to the approxima-
tion error of p(T|X) being represented by finitely many pose
particles and the approximation of I,. with I. This is illustrated
by Fig. 5. With larger P, the trade off for gaining a more accurate
approximation of p(T|X’) is increased memory usage. Since we

Algorithm 1: Particle Filter Posterior Update.

Given: P number of particles,
To,1..p initial poses,
q; initial robot configuration,
o translation noise,
o Rr rotation noise,
I, resample discrepancy threshold,
W workspace set of query positions
1 A ¢ sensors observe at
2Ty p+ CHSEL(TO,l._p, Xo)
3wy _p ¢ WeighParticles(T; p, X))
4 fort < 1toT do
5 compute p(Sx|X;_1) using Eq. 27 and I(x|X; ;)
using Eq. 23 for x € VW and cache in voxel grids
u; < Plan(I(X|Xt_1),p(SX|Xt_1), qt)
robot executes action u; to arrive at |
X/ < sensors observe at q,
AT, < sensors observe change in robot
end-effector pose while in contact
10 AT, AT, + ObjMOVG(Xt_l,XtI,TL_P,ATT)
1 if AT not O then
// predict step

e e 9 &

12 for i <+ 1 to P do
13 AT, < PerturbTransform(ot, oR)
T; (—ATUATTZ

14 X; <+ MergeObs(X—1, X!, T1. p, ATy)

// update step, even when not in contact
15 li.p+ C(X,Ti. p)

16 if max(ly. p) > [, then

17 T, p < Resample(Ti. p, w1 p, X})

18 wy. p+ 1/P
19 else
20 | ‘ wy, p < WeighParticles(T; p,A})

Algorithm 2: WeighParticles.
Given: T p pose particles,
X set of observed geometric features,

A peakiness
Ll p <+ C(X, Ty p)
2wy p + e HMr

3wy pw p/ S w; // normalize sum to
1

process the particles and query positions in parallel, memory
becomes the bottleneck and they have to be processed in batches,
turning the memory tradeoff into a runtime one.

D. Posterior Update Process

So far, we have developed the information gain field given
some observed X at one time step. We now describe the
active rummaging process in Algorithm 1 to update the
posterior.

Before any actions, we are given the pose prior p(T) from
which we sample P initial poses Ty ;. p. Note that given a
fixed set of geometric features X', the posterior probability of
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poses can be compared using (10). With the relative posterior
probability and samples from the prior, we can theoretically draw
samples from the posterior using techniques, such as Markov
Chain Monte Carlo (MCMC) [36], [37]. However, MCMC tend
to struggle with the high dimensionality of poses (T € SE(3)).
With the interpretation of (3) as the posterior [see (10)], op-
timization of (3) on prior pose particles can naturally be in-
terpreted as approximately sampling from the posterior. Thus
we apply CHSEL (see [2, Algorithm 1]) to produce the initial
pose particles in Algorithm 1 line 2. CHSEL performs quality
diversity optimization [38] on (3) to find poses that have low
discrepancy while maintaining diversity across some measure
of pose space. We use the orientation component of T, or just
the yaw when restricting the pose search space to SE(2) as the
measure.

We then assign weights to each pose particle as described
in Algorithm 2. These weights represent the relative posterior
probability of each particle. We normalize the weights so that
Zfz ; w; = 1. Normalizing is important so that the use of
weights in approximating expectations over the pose posterior
in (23) and (25) remain valid. A side benefit of normalization
is that we can omit the normalizing constant 7 from (10) in
Algorithm 2 line 2.

Then, for each time step ¢, we first compute p(Sx|X;—1) and
I (x|X;—1) using (27) and (23), respectively, for x € W and
cache the results in voxel grids. These voxel grids allow linear
interpolation querying and return 0 for (x| X;_;) and free for
p(Sx|Xi—1) when x is outside W. They are used to plan a robot
trajectory, as described in Section I'V-E. The robot executes the
first action in the planned trajectory and sensors observe both a
new set of geometric features X} and the change in robot end
effector pose while in contact AT,..

In Algorithm 1 line 10, we estimate the change in pose AT
of the target object given X; 1, X/, Ty p, and AT,. Some
end-effectors can either enforce sticking contact [39] or measure
slip (such as in [40], [41]) to estimate AT directly. Not all robots
have these sensors, so we present an optimization based method
in Algorithm 5. The main idea is to find a AT that transforms
X;—1 such that it is consistent with the most recently observed
X/. Our prior is that contact was sticking; thatis AT = AT, in
Algorithm 5 line 1. We select a representative pose particle T
with the lowest discrepancy to apply AT to. For N, optimiza-
tion steps, we evaluate C on X’ and the hypothesis new pose
AT - T;. C is differentiable with respect to AT - 'T;, and we
back propagate gradients to AT and perform stochastic gradient
descent (SGD). We then produce the world frame change in
pose AT, = T;l - AT - T, that can be applied to world frame
positions.

Typically in particle filters we update the posterior via alter-
nating prediction (via forward dynamics) and correction (from
sensor data) steps. If the object did not move, then we also
predict the pose particles remain stationary. If the object did
move (AT not 0) then our forward dynamics predicts movement
T; + AT, - AT - T;, where AT, is a transform perturbation
sampled with the process in Algorithm 3 that adds diversity to
the particles.

Before we can perform the correction step, we first merge the
previous observations X;_; with the current observations X/,
as described in Algorithm 6. The object geometric features are
transformed by AT,, while the free geometric features remain
stationary. However, the move might have invalidated some pre-
vious free ones and so we check whether sdf (T;x) > 0, Vi =
1..P for each (x,free) € X in Algorithm 6 line 3. We then
take the union of the transformed X, validated X’ f’ , and newly
observed X”’. To avoid duplicate data, we voxel downsample
by creating voxel grids, one per semantics value, that spans the
range of the positions with resolution 4. We assign the voxel
grids with the positions then extract the center of voxel cells
that received any assignment as new positions. We denote this
downsampling process as D : R? x RT — R3.

With updated observations X;, we can update the weights
of the pose particles. Importantly, we update even when not
making contact because observing s = free geometric features
provides information about where the object is not. This process
is described in Algorithm 2, where (3) is applied to get discrep-
ancies 1. p. We then apply (10) to convert it to an unnormalized
probability. For numerical stability, we subtract the minimum [
from all of them to get relative discrepancy. This is without loss
of generality since the normalization forces the weights to sum
to 1.

In addition to the update step, we resample the pose particles to
avoid degeneracy and maintain diversity as is typical of particle
filters. Many heuristics exist for deciding when to resample [42]-
based mostly on removing low weight particles. However, the
particle weights only represent their relative probability with
respect to other particles, and we have a more direct signal
in the discrepancy Iy, p = C’(X ,T1..p) to evaluate when the
pose particles have low likelihood. We use this in Algorithm 1
line 16 by comparing the maximum discrepancy of the particles
to a threshold /,, > 0. For better robustness against outlier pose
samples, a percentile of the discrepancy instead of the max can
be used. This process is visualized in Fig. 6, where a contact
made with the handle at the back of the mug forces a resample
due to the previous pose particles’ discrepancy with the observed
surface geometric features.

Finally, the resampling process is described in Algorithm 4.
We first perform the well known sampling importance resam-
pling [42], then like in the prediction step we perturb the pose
particles to generate diversity. We then ensure the pose particles
have high probability by performing SGD on C'(X, T p).

E. Planning Problem

We use model predictive path integral (MPPI) control [43] to
plan a H horizon length trajectory and execute the first step
of it in Algorithm 1 line 6. H may be less than 7" due to
computation limitations. Without loss of generality, consider
t = 1 atplanning time for notation simplification. MPPI samples
many Gaussian action perturbations around a nominal action
trajectory to produce uj_ gz, rolls out the robot configuration
from qg to get q;. y with a dynamics function, and evaluates
each configuration trajectory with a cost function to weigh how
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Fig. 6. Resampling during a pybullet simulated mug task with partial initial observation like in Fig. 4. (Left) before contact pose particles, and (middle) pose
particles after contact with many receiving low likelihood indicated by the dark color due to discrepancy with the newly observed surface geometric features. This
leads to resampling, and (right) resampled particles that are all high likelihood and centered around the ground truth pose.

Algorithm 3: PerturbTransform.

Given: o; translation noise, o g rotation noise
Output: AT, delta transformation
// sample process noise

1 At ~ N(0,diag([o¢, o, 04])

20~ N(O, UR)

3e~U({x||x[[z =1,x € R?})

4 AR+ ¢ // axis angle to matrix

At AR

5 AT,
1

Algorithm 4: Resample.

Given: T; p pose particles,
wy, p particle weights,
X set of observed geometric features,
o, translation noise,
o R rotation noise
N, resample optimization steps
// sampling importance resampling
1 Ty p + ImportanceResample(T; p,wi p)
2 for i< 1to P do
3 AT, <+ PerturbTransform(o:,oR)
L TZ <« ATU . Tl
4 for j «+— 1to N, do

5 differentiate ' (X, Ty, p) to get Ty, p gradients
6 SGD to optimize T, p

the action trajectories should be combined. We initialize the
nominal trajectory with noise, warm start it by running MPPI
without actually executing the planned trajectory for several iter-
ations. Then, when executing u;, we use us_ z7, 0 as the nominal
trajectory for the next step. By convention, MPPI minimizes
cost, and so we present costs where lower values are better.

F. Information Gain Cost

We assume we have the robot model such that we can map
h(q) — R where R is the set of world coordinate positions

Algorithm 5: ObjMove.

Given: X set of previously observed geometric
features

X’ set of new observed geometric features

T;. p pose particles,

AT, change in end-effector pose during contact

N, number of optimization steps

AT + AT, // sticking contact prior

llup < C(X, Tl.‘p)

i argminly p

for j < 1to N, do
// hypothesis moved object pose

differentiate C'(X’, AT - T;) to get AT gradients
SGD to optimize AT

7 AT, + T;' - AT - T;

B W N =

(Y]

Algorithm 6: MergeObs.

Given: X set of previously observed geometric features,
X’ set of new observed geometric features,
T . p pose particles,
AT, world frame change in object pose
rq downsample resolution
1 X, + {(ATyux,s) | (x,8) € X, s # free}
2Xr {(x,9) | (x,5) € X,s = free}
// stationary
// remove all that may be occupied now
3X « {(x,9)] (x,8) € Xp,sdf(T;x) >0, Vi =
1..P}3
4X X, Uux/ux
5 voxel downsample X with resolution 74

inside or on the surface of the robot. Note that when observing
X} in Algorithm 1 line 8, {(x, free) | x € h(q;+1)} should at
least be in X/ since the object cannot be inside the robot. In
addition, we assume we can identify h;(q) C h(q) that selects
the points of the robot that can observe information through
contact. For example, the wrist of the end effector may be much
less effective at reliably localizing contact than the tactile sensor.
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We only consider h; for gathering information but the full h for
the dynamics model.
For a rolled-out configuration trajectory qi..z we define the
information gain cost
>

Ci(ar.um) =
xeD(U™L, hi(ai),ra)

which is the information gain field at every robot interior point in
the rolled out trajectory, downsampled to avoid double-counting.

This cost function develops naturally from I(x|X’), however
it does not take into account that the object can move, and in
doing so, can change I(x|X). Consider a trajectory where a
robot moves into contact with the target object then continues
in a straight line with the target object remaining in sticking
contact. While it would traverse the workspace and gather high
C' as aresult, relative to the object it has not moved after coming
into contact, and so should collect no new information. Indeed,
I(x|X) is better seen as an object frame field, as only motion
relative to the object should collect information.

To address this, we introduce predicted object displacement
d € R3, and define the adjusted information gain cost

>

xeD(U{L, [h1(a:)—di],ra)

—I(x|X) (28)

Cr(ai.m,di m) = —I(x|x) (29)

where h(q;) — d; Vi = 1..H transforms the world query posi-
tions to be in the displaced object frame.

G. Dynamics Model

We predict the displacement d in our dynamics model f in
addition to q. We assume the difference of the true dynamics f
from the given free space dynamics f is only due to making
contact with the target object, and use the precomputed p(Sx|X)
voxel grid to predict when that occurs. One step of f is described
in Algorithm 7 and below.

First, we apply free space dynamics to get candidate config-
uration ¢'. We then sample if this configuration leads to contact
by considering the least likely to be free position x; from
h(q’") — d; in Algorithm 7 line 3. We randomly sample from the
categorical distribution s ~ p(Sx,|X). If we sample s = free,
then the candidate configuration is used as the next one and
the object is not displaced. Otherwise, we need to consider if
it is a pushing contact. We compute this action’s displacement
d’ by considering the change in position from where x; was
before the action. Then, we estimate the surface normal n at
this point in line 11 by taking the weighted sum of the SDF
gradient of the contact position transformed by each of the pose
particles. If the angle between n and —d’ is less than some
threshold 6, based on an estimation of the friction cone between
the robot and the object, then it is considered pushing. If it is a
pushing contact, we increase object displacement and move the
robot normally. Otherwise, the robot is predicted to remain in its
previous configuration to discourage nonpushing contacts, and
no further object displacement is produced.

Note that q;1,d¢11 ~ f(qt, d,;...) is stochastic since we
sample contacts. To reduce variance, for a single action tra-
jectory uy g we roll out multiple configuration trajectories by

Algorithm 7: f —Approximate Robot and Object Displace-
ment Dynamics.

Given: q, current robot configuration,
u; action,
d; current object displacement,
T;. p pose particles, wy  p particle weights
p(Sx|X) semantics probability voxel grid,
fr given free space dynamics,
Vsdf object frame SDF gradient,
h robot interior points model,
0, pushing angle threshold
Output: q,,; new robot configuration,
d; 1 new object displacement
1 q’e—-f}(qt,ut) // candidate config
R« h(q)—d;

// find most likely contact

(5]

3 i ¢ argming . p(Sx, = free|X)
4 S N‘p(S&iMY) // sample semantics
5 if s = free then

6 Qi —q

7 dt+1 «— d;

8 else

// determine displacement
9 Ry, < h(q,)
10 dlé—-Xi—-7sz]// corresponding ith position
// estimate object surface normal
1 n < ZP w;Vsdf(T;x;)
j=1Wj i)
12 if angle between i and —d' < 6, then
// pushing or not

/
13 91 <4
14 dt+1 —d; + d
15 else

// discourage non-pushing contact
16 Qiv1 < 4
17 dt+1 +—d;

applying f on copies of the starting configuration q; and u;_ g.
The costof u; _y is the average cost across the multiple ;. fr41.
Practically, if the object has thin walls relative to the distance a
single action could move the robot, as in the case of mugs, each
action could be divided up and applied sequentially to avoid
dynamics predicting the robot penetrating the object walls.

H. Reachability Cost

For manipulator arms with immobile bases, it is important to
explicitly penalize when actions could move the object outside
of its reachable region. Under just the information gain cost
from (29), an action trajectory pushing the object out of reach
will evaluate to have equal or better cost than a trajectory doing
nothing. If the object is at the edge of the robot’s reachability,
such as a mug with sides that are within reach but the occluded
handle at the back being out of reach, sampling a H step
trajectory that first displaces the mug then collects the high
information gain at the back of the mug is very unlikely. H
may also be too short to allow such a trajectory to exist.
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Fig. 7. (Left) Reachability of workspace positions for the (right) simulated
KUKA arm and workspace. Red corresponds to 7(x) = 0 and dark blue corre-
sponds to r(x) = 1. The workspace in sim is drawn as a box around the object.

To address this, we introduce reachability r(x) € [0,1] and
the reachability cost C'r(d;. ), which encodes the desired
behaviour of pushing object frame points x with high (x|X)
to where they are reachable.

Reachability r(x) represents the capability of the robot to
gather information at x, similar to checking 3q s.t. x € h7(q).
This can be approximated by performing inverse kinematics (IK)
with x set as the goal position relative to the robot end effector
frame. We also consider how robust x is to reach with different
configurations, and evaluate the average IK performance with a
fixed set of goal orientations R; € R C SO(3). Let ex (x, R;)
and er(x, R;) be the position and rotation errors from running
IK with the goal set to (x, R;). We weigh e against ex with
ag > 0and define an error tolerance threshold e,,, such that any
error at or above this value receives 7(x) = 0. Thus, we define

r(x) =

imax 0,em — — ZexxR)+aReR(xR)]
em |R‘ Ri€R
(30)

We precompute this for x € W and store the results in a voxel
grid that allows linear interpolation. This only has to be done
once per robot and workspace combination. See Fig. 7 for an
example visualization of r(W).

The reachability cost Cr(d;. g) is then the total reachable
information within the workspace after displacement. We com-
pute it according to Algorithm 8. First, we compute (x), the
average information gain at every displaced workspace position
over the planning horizon. Note that I(x|X’) can be interpreted
as the object frame information gain field at the time of planning,
and so stationary workspace positions are effectively displaced
by —d;i. g during planning. The reachable information is just
the product I(x)r(x), which we sum across all the workspace
points. This is then compared against the total information in the
workspace to produce a negativeratio C'r € [—1, 0]. Because C;
and Cp, are in different units, having C'; be a ratio allows easier
tuning of the total trajectory cost

Clar.a,di.g) =8:Cr(qi.m,di. #) + frCr(d1. H).
31

Algorithm 8: C'r Reachability Cost.

Given: d; _p object displacement trajectory,

W workspace,

I(x|X) information gain voxel grid,
11(x) %Zfl I(W—d|X) // average info
2RI + Y wl(x)r(x) // reachable info
3Rl + Y on1(x|X) // max info possible
4 CR(dl.,H) — —RI/RIm

1. Kernel Interpolated MPPI

The total cost from (31) does not include any explicit smooth-
ing terms. To improve the smoothness of produced trajectories,
we perform interpolation similar to [44]. The idea is to sam-
ple H, < H control points v; € R"«, then use a kernel K :
RNu x RN« 5 R to interpolate the u; g in between vy g, .
We call this method Kernel Interpolated MPPI (KMPPI). This
is more general than the B-spline interpolation of [44] since it
can be accomplished by using a B-spline kernel.

Let H, =[0,1,...,H — 1] denote the time coordinate of
each u along the trajectory. We assume v g7, are evenly spread
out along the trajectory, and since there are H, of them, sub-

sequent ones increase their time coordinate by ((H 11)) to give
(H 1) 2(H-1)
H, = [0, CH. 1) (1) H — 1]. The even assignment of

H, is not necessary; any can be given as long as the first term
is 0 and the last term is H — 1. Given a control sequence vi_ p,
we then convert it to uy_ g

u g = K(Hy, Hy)K(Hy, Hy) ™ (32)

Vi.H,-

This allows smoothing in the action space, rather than in the
robot configuration space, and we observe that it works well on
our tasks. See Fig. 8 for a qualitative evaluation of the smoothing
property on a toy 2-D problem.

With the interpolated u;._ p, KMPPI’s subsequent steps
are the same as MPPI’s in that it generates configuration
rollouts by applying the dynamics function qg41,dsyrq ~
f(qt, d;...),t = 1..H, evaluates the cost of each uy g with
(31), then combines the trajectory samples with a softmax based
on the cost.

J. Termination Condition

In actual execution, we do not have access to T* to evaluate
nll(X’) and need another signal to terminate execution. We use
the convergence of the pose particles, with the hypothesis that
pose particles likely only converge when p(T*|X) is high, i.e.,
the pose particles do not randomly converge to an incorrect
estimate. We evaluate convergence using the average square root
pairwise Chamfer distance between the pose particles (APC).
Similar to the nll(X) evaluation, we evaluate this on a sampled
set of object frame surface positions = € X

P P
ZZZ\sdf(Tngj;fz)L (33)
i=1j=1zcX

APC(T p)

P2\X
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Fig. 8. Planned trajectories on a toy 2-D linear integrator environment. The
cost contour map is represented, with the cost of the trajectory being the
accumulated cost experienced at each state. There is additionally a quadratic
action penalty at each step u”'0.1Tu. Dark blue is the starting state. Each
trajectory has H = 20, with our KMPPI having H, = 5 and using the RBF
kernel with scale 2.

We terminate execution when APC(T4_ p) < fB¢l., where I, is
the diagonal length of the object’s bounding box, and 3, is aratio
that selects for a desired level of pose particle convergence. A
lower value means rummaging will continue for longer, but may
produce a more accurate pose estimate.

V. EXPERIMENTS

In this section, we first describe our simulated and real robot
environments. We then detail the experiments to estimate the
pose of a movable target object. We introduce our baselines
and ablations and how we quantitatively evaluate the methods
on the experiment. We then show how RUMI could be applied
when there are an unknown number of unknown movable objects
cluttered around our target object. Lastly, we present results that
show RUMI is the only method to perform consistently well
across all the experiments.

A. Sim Environment

Common to all the experiments, we have a single movable
object on a flat surface starting within reach of a single 7DoF
KUKA LBR iiwa arm with two soft-bubble tactile sensors [45].
This is modelled in sim in Fig. 7. Due to the complexity of
modelling deformable objects, we model the soft-bubble tactile
sensors as rigid bodies and observe the surface points of any ob-
ject penetrating them after each simulation step. We also include
a fixed external depth camera to reduce the initial exploration
required, but we also show that our method works without a
good initial view of the object in some experiments.

For observing s = surface points at q;, we select {x| x €
hr(q:),|sdf(T*x)| < 3 mm}. This simulates some observa-
tion noise, which we show that RUMI is robust to, despite assum-
ing no noise in the observed positions. We assume we can only

Fig. 9.  Visualization of interior robot points h(q) as green and red points,
and the information gathering subset h(q) as just the red points for the robot
gripper mounted with two soft-bubble tactile sensors seen in Fig. 1.

Sim mu-
Sim drill-

N Sim box

Fig. 10.  Starting poses for labeled sim tasks.

Fig. 11. Comparison of the rendered X{y given to (left) the sim mug O task and
(right) sim box 2 task. s = free points are in orange, and s = surface points
are in blue. There are no initially observed surface points on the box.

gather contact information from the front of the gripper, where
the two soft-bubble tactile sensors are mounted. In planning, this
is the difference between h(q) and hy(q) for our end effector
shown in Fig. 9.

The X’ provided by the depth camera includes s = free
points generated by tracing rays from the camera to 95% of each
pixel’s detected depth, and s = surface from segmented object
surfaces. See Figs. 4 (middle), and 11 for example observation
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TABLE I
TASK SETUP FOR DIFFERENT OBJECTS
Object action space | pose search space | resolution 7, (m)
Sim mug | planar SE(2) 0.01
Sim drill 3-D SE(2) 0.02
Sim box 3-D SE(3) 0.02
Real mug | planar SE(2) 0.01
Real box 3-D SE(2) 0.02

point clouds. We only use vision to provide the initial Xy to
demonstrate the viability of tactile based rummaging.

To highlight the difference between other components of all
methods, we directly observe AT in Algorithm 1 line 9. Note
that this also applies to all baselines and ablations, and so does
not provide an unfair advantage to RUMI. This is equivalent
to assuming we can accurately measure slip between the end
effector and object.

B. Sim Tasks

In simulation, we experiment on three different objects: a
mug, a YCB [46] power drill, and a YCB cracker box, each with
three different initial poses depicted in Fig. 10. For each, we
perform 10 runs of 7" = 40 steps, using a different fixed random
seed for each run that is shared across baselines and ablations.
We terminated tasks early if the pose particles converged as
measured by APC(T;._p) < 0.03l., where [.. is the diagonal
distance of each object’s bounding box.

In each experiment, the robot’s end effector is position
and yaw controlled, with the action space either being u =
[dx, dy,d0] (planar) or u = [dx, dy, dz,df] (3-D) with ranges
from [-1,1] for each dimension. The action spaces are scaled
to allow the use of consistent KMPPI parameters across ex-
periments. We scale these to physical units by translating a
control value of 1 to 80 mm or 0.5 radians, carried out in many
mini steps. We perform IK to convert these to joint position
commands. We used regular grids with resolutions (grid square
side length) r,, as the workspaces. Note that other sets of
worldspace points that are not necessarily regular grids could be
used. We used W = [0, 0.8] x [—0.4,0.4] in meters for planar
action spaces, and WW = [0, 0.8] x [—0.4,0.4] x [0, 0.2] for 3-D
action spaces. 1, for each task can be found in Table I.

C. Pose Prior

We used different p(T) for each task as each had different
assumptions to illustrate separate aspects of exploration. For the
mug and power drill, we assume the object stays upright and
search for their pose in SE(2) instead of SE(3). The mug tasks
evaluates how well 7(x|X') conforms to our intuition, since we
expect the most information to be where the handle could be. The
sim drill task evaluates how well our planner extends to objects
with complex geometry. The sim box task tests how well the
pose particles can represent full SE(3) and the necessary 3-D
exploration to identify which side of the box is lying against
the floor. In addition, for the drill and box tasks, we increase
the difficulty in terms of environmental occlusions by placing
the camera at an angle such that it cannot directly observe the

Fig. 12.  Initial configuration of the real mug and box tasks (top) and example
initialized pose particles (bottom). In the box task, the workspace is occluded and
the box cannot be directly observed. Point cloud observations from an external
side view (accessible to the robot) are overlaid on a top-down raw camera view
(inaccessible to the robot).

object. The camera configurations and the initial object pose
are depicted in Fig. 11. For SE(3) pose search in the sim box
experiments, we add free points where the floor is to avoid pose
estimates that penetrate the floor. The different task setups are
summarized in Table 1.

To sample T 1. p ~ p(T) on mug tasks since we can initially
observe the side of the object unlike the drill and box tasks, we
first estimate the position of the center of the mug, then T 1 p is
sampled with uniformly random yaw at the same center. For the
other tasks, we sample T ;. p with random positions sampled
from A/ (0, 0.05) x N(0,0.05) x 0, and uniformly random yaw
for the drill and uniformly over SO(3) for the box.

D. Real Environment

The real robot setup is seen in Figs. 1 and 10. It uses the same
robot as in simulation. The soft-bubble sensors are compliant to
contact and have a depth camera inside to estimate dense contact
patches. Similar to prior work [2], we consider points on the soft
bubble surface with deformation beyond 4 mm and being in the
top 10th percentile of all deformations to be in contact. We apply
a mean filter to remove noise. We use a RealSense L515 LiDAR
camera as the fixed external camera. For evaluating ground truth
object pose, we have a RealSense D435 camera mounted looking
top-down on the workspace.

The mug had distinct colors from the shelf and so we seg-
mented it with a color filter. To improve segmentation, we used
a robot self-filter and an edge filter to remove unreliable points,
and used a temporal filter to only accept surface points that
persists over a 0.4 s window. See Fig. 1 for example observation
point clouds. We re-observe the scene after each action. Due
to self-occlusion and object symmetry, visual observations do
not uniquely identify object pose. Same as for the simulated
box, the real box task has occluded vision that prevented direct
observation of it, seen in the top of Fig. 12.
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For the real mug task, we do not assume we can accurately
measure slip between the end effector and object. Instead, we
estimate AT with Algorithm 5 for all methods. For the real box
task, we observe the change in object pose from the ground truth
since we cannot directly observe the object to estimate AT with
Algorithm 5.

E. Real Task

We estimate the pose of a real mug and box starting in a single
configuration depicted in Fig. 12 and execute 7" = 15 steps of
each method. The robot’s action space is seen in Table I, and
a control value of 1 corresponds to 50mm or 0.4 radians. The
workspace was W = [0.55,1.1] x [—0.33,0.33] x [0.23,0.47]
in meters (for planar action space, a fixed height of 0.305m was
used). The T ;. _p initialization process is similar to sim for each
corresponding task, with T p after sampling from CHSEL
in Algorithm 1 line 2 shown at the bottom of Fig. 12. Note
that the box’s initial Ty _p covers the workspace since vision
was occluded. We terminated tasks when the pose particles
converged as measured by APC(T;. p) < 0.05., where [ is
the diagonal distance of each object’s bounding box.

F. Sensor Model

We use the sensor model depicted in Fig. 2. Let v = sdf(Tx)
be the SDF value of a given query position x. To represent
bias toward over-reporting contact in our sensors, we use a
tolerance of ¢ = 0.003 m and let ¥ = sign(v) - max(0, |v| —
(), where sign(v) =1 if v >0 else —1. Then p(Sx|T) =
p(Sx|sdf(Tx)) = p(Sx|v) is defined by

max(0,1 — e %), free
p(Sxlv) = { max(0,1 —e2?),  occupied
e’“‘f", surface

with o = 100 where v is in meters. This model represents some
of the ambiguities of detecting contact with the soft-bubble and
similar tactile sensors. Due to the compliance of the membrane,
even when a point is in free space, contact elsewhere could make
itappear like this pointis also in contact. Similarly, contact could
also be missed, particularly around the edges of the soft-bubble.
This sensor model performed well enough both in sim and on the
real task that no calibration to the real soft-bubbles was needed.

G. KMPPI Parameters

We used a planning horizon of H = 15 and H,, = 8 number
of control points. This is lower than the number of sim steps
T = 40 because increasing horizon resulted in poorer quality
trajectories. This is due to the cost from (31) being a terminal
cost for the whole trajectory, without distinguishing between
steps inside the trajectory. We used the radial basis function
(RBF) kernel with a scale of 2.

We planned using 500 action trajectory samples, each rolled
out five times with f due to its stochastic nature. In addition, to
avoid contacts that penetrate the object, we split each action up
into four sequentially applied actions that are four times lower
in magnitude. We then use the average trajectory cost across

TABLE II
LINEAR CORRELATION BETWEEN nll(X) AND APC(T1. p) ACROSS ALL
SiM TASKS
sim mug sim drill sim box

Task 0 1 2 |0 1 2 [0 1 2
cor(nll, APC)|0.93 0.82 0.84]0.74 0.94 0.94|0.58 0.80 0.49
Runs from all methods were considered in its calculation.

TABLE III

MAXIMUM nll THRESHOLD FOR SUCCESS FOR EACH TASK

Object success nll threshold
Sim mug 20

Sim drill 100

Sim box 150

Real mug | 35

Real box 250

the five rollouts. We replanned after executing three actions, or
when the robot detects it is in contact.

For the inner MPPI parameters, we used A = 0.01 for the
temperature parameter from [43], with O noise mean and 1.51
as the noise covariance.

H. Evaluation

We evaluate using the key metric of NLL defined in (2). Note
that low NLL indicates both certainty and correctness of the
pose distribution. We sample 500 positions & € X uniformly on
the surface of the object, and transform them to world positions
with T, the ground truth pose, to produce X. We then evaluate
the negative log likelihood of x € X being surface points
from (2). Because we assume Sy is conditionally mutually
independent to every other Sy given X, we can simplify (2)

nll(X) = —logp <ﬂ Sy = surface|X> (34)

xeX

= — z log p(Sx = surface|X).
xeX

(35)

We substitute (27) in for p(Sx|X’) to approximate nll with our
pose particles

P
nll(X) ~ — Z longip(Sx = surface|sdf(T;x)).
xeX i=1

(36)

For the sim tasks, we have the ground truth object pose T*,
while for the real tasks, we observe T* from a camera mounted
above the workspace. We evaluated nll after each step as an
effective exploration rate. In addition, we specify a nll threshold
below, which we qualitatively observe to be a good enough
quality to be considered a success, seen in Table III. A run
is counted a success if it achieves a minimum nll below the
threshold at any step. This is typically, but not always, the last
step. This is because, due to observation noise and moving the
object outside of the observed region, the pose estimates could
become less certain.

Authorized licensed use limited to: University of Michigan Library. Downloaded on March 11,2026 at 07:28:59 UTC from IEEE Xplore. Restrictions apply.



5444

IEEE TRANSACTIQNS ON ROBOTICS, VOL. 41, 2025

IEEE Transactions on Robotics (T-RO) paper, presented at ICRA 2026, Vienna, Austria. Cite as T-RO paper.

10

= Ours
— InfoOnly
—— ReachOnly

— GPVR

Average Pairwise Pose Samples Chamfer Dist (mm)

— Slide

0 T T T T T T T
0 5 10 15 20 25 30 35

10 A

Ours

= InfoOnly
— ReachOnly
= GPVR
— Slide

0 T T T T T T T
0 5 10 15 20 25 30 35

step

Average Pairwise Pose Samples Chamfer Dist (mm)

Fig. 13.  Convergence of pose particles measured by APC(T1._ p) for the
sim mug 0 and sim mug 1 tasks. The median over 10 runs is plotted, with the
25th to 75th percentile shaded. There is strong correlation with the nll(X) in
the top left and top middle of Fig. 18.

We also use the same 7 € X to evaluate APC' from (33).
We used B; = 0.03 for the sim tasks, meaning we terminated
exploration when the average square root chamfer distance
between all pairs of T; p is less than 3% of the object’s
bounding box diagonal length. For the real experiment we used

We also investigated our hypothesis of APC(T; . p)asagood
proxy for nll(X) since it can be computed without privileged
information. We did so by computing the linear correlation
between the two across all the tasks. The runs from all methods
were used. This is shown in Table IT and Fig. 13 for the sim mug
0 and sim mug 1 tasks, which can be compared to the nll(X)
shown in the top left and top middle of Fig. 18. We see that there
is an especially strong positive correlation for SE(2) particles
of the sim mug and sim drill tasks, averaging to a correlation
of 0.87. The correlation for the SE(3) sim box tasks is not as
strong.

1. Baselines and Ablations

Our full method parameters are summarized in Table IV.
These parameters were used for all simulated and real tasks

Fig. 14.  (Left) GP fit to initial observations Xy of the sim mug O task. Free
space observed points are shown as blue dots, surface observed points as red
dots, and the ground truth object surface as black dotted lines. The GP output
is overlayed as a contour map, with the red line indicating the O-level set,
corresponding to where the GPIS surface is. (Right) var(x|X) contour map
for the same GP, with green indicating higher variance.

Clutter Easy

Fig. 15.  Starting configuration of clutter experiments with clustered surface
points rendered in different colors. All objects are movable and the mug is the
target object. Clutter medium may appear simpler than clutter easy, but due to
the closer proximity of the objects, it becomes a more difficult task.

Fig. 16.  Target object clusters selection process on clutter easy with (a) 100
initial transforms centered on the centroid of each X}, and (b) those transforms
after applying CHSEL and the resulting median discrepancy of each cluster.

Fig. 17. Comparison of the fields to plan over evaluated at each x € W
for (left) our method using I(x|X") against the (right) GPVR baseline using
var(x|X). x with too low I or var are omitted.
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nll(X) after each execution step for simulation tasks depicted in Fig. 10. The median over 10 runs is plotted, with the 25th to 75th percentile shaded.

From top to bottom we have the sim mug, sim drill, and sim box tasks. From left to right we have configuration 0, 1, and 2.

TABLE IV

METHOD PARAMETERS ACROSS THE DIFFERENT TASKS
Parameter value
P number of pose particles 100
A peakiness 2
l,- discrepancy resample threshold 5
C' CHSEL freespace discrepancy scale | 10
H planning horizon 15
0p pushing angle threshold 45°
C information gain cost scale 1
C'r reachability cost scale 200
em reachability IK error threshold 0.4

a reachability IK rotation error scale | 0.1

rq,r downsample resolution free space | 10 mm

r4,s downsample resolution surface 2 mm

o pose translation noise 10 mm

o R pose rotation noise 0

Bt chamfer distance convergence ratio 0.03 (0.05 for real)
N, number of optimization steps 10

(except for §; in deciding when to terminate), demonstrating
the robustness of RUMI. For downsampling the observations
in Algorithm 6, we used different resolutions for the free space
(rq,s) and surface (rq4 ;) points; we did not observe any occupied

points. The baselines also required the creation and update of
the p(T|X) pose particles, and we use the same parameters to
do so.

We present two ablations to our full method, /nfoOnly which
sets C'r to 0 and ReachOnly, which sets C7 to 0. They share
all other parameters with the full method and evaluate the
usefulness of each individual cost.

For baselines, we first present the Slide heuristic inspired
by [5]. This method has two modes of operation—if it is cur-
rently in contact, then it moves tangentially to the estimated
surface normal to slide along it. It moves parallel to the shelf,
and for each run randomly decides at the start of the run whether
to slide clockwise or counterclockwise around contact. If it is
not in contact, then it moves toward the estimated center of the
object. Estimating the object center requires our pose particles,
so we still update p(T|X) using Algorithm 1.

We also consider a GPIS baseline [5], [47], [48] that uses the
variance of the GP as the exploration signal that we call GP
variance reduction (GPVR). The GP is fit on {(x,0)| (x,s) €
X, s = surface} U {(x,1)] (x,5) € X}, s = free}. As typ-
ical for GPIS, surface points are labeled 0 and free points are
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labeled 1. It is refit on X for 50 optimization steps after every
robot execution step. We use the v = 1.5 Matern kernel as
recommended by [48]. See Fig. 14 for a visualization of the
fitted GP as well as its variance var(x|X’) on the sim mug 0
task given Xj.

For GPVR to be competitive, we had to make several modifi-
cations. First, we needed to encode object shape as that is given
information to RUMI. This is nontrivial to do by modifying the
kernel, so we instead augmented the input data with {(x,1)| x €
W, p(Sx = free|X;) > 0.99}. We voxel downsampled all free
points with a resolution 7 times r,, from Table I to avoid
extremely slow inference and enforce consistent data density.
Again, this baseline requires the computation and maintenance
of p(T|X) with the pose particles to enable the estimation of
p(Sx = free|A}). Without the above data augmentation, GPVR
explores the unobserved corners of the workspace, despite see-
ing parts of the object elsewhere. Second, we needed to plan
further than just the next step. Otherwise, because we start in and
are surrounded by free space, the method goes in initially random
directions. Instead of the greedy policy of maximizing the GP
variance var(x) at the next position from [5], we formulated a
cost function based on variance reduction for use as a running
cost inside KMPPI

Z _ Bt—l

Cep(ar,dy) = var(x|X) (37)
xeD(hr(qr)—d,rq)

with a discount factor § = 0.99 to prioritize early rewards.
Empirically, this worked better with var(x|X) than voxelizing
the entire trajectory as in (29). Before each planning step we
precomputed var(x|X) Vx € W to store in a voxel grid for
faster repeated lookup. We normalized var(x|X) such that
maxxeyy var(x|X) = 1.

See Fig. 17 for a comparison of I(x|X) against var(x|X)
to be planned over in a similar manner. From the figure, we
see that var(x|X) is low at where the handle could be. This is
because X includes the inside back of the mug, and the Matern
kernel does not directly encode object shape but is just based
on the Euclidean distance between points. It cannot separate the
certainty of the back surface of the mug from the uncertainty of
where the handle is, because it does not know that a handle exists.
Instead, var(x|X) is highest farther behind the mug, where we
have observed no data due to occlusion. This is contrasted with
I(x|X), which is highest where the handle could be because
those regions are where the pose particles disagree the most.

J. Rummaging in Clutter Experiment

To evaluate the applicability of RUMI in more practical
settings, we consider sim tasks that have an unknown number
of unknown movable objects cluttered around the target object
depicted in Fig. 15.

To handle the presence of other objects, we first cluster the ini-
tial camera observation’s surface points using HDBSCAN [49]
into K object clusterss. K is not specified but instead determined
by HDBSCAN. Let A, k = 1..K denote each object clusters,
with every point having surface semantics. As short hand,
Xy, will be treated as a set of points or as a set of (x, surface)

TABLE V
NUMBER OF SUCCESSFUL TRIALS AFTER 10 RUNS OF ACTIVE RUMMAGING
FOR POSE ESTIMATION IN DIFFERENT TASKS IN FIGS. 10 AND 12

Task Ours | InfoOnly  ReachOnly | GPVR  Slide
simmug 0 | 9 3 7 2 0
simmug 1 | 9 5 8 0 0
sim mug 2 | 10 6 10 7 0
mug total 28 14 25 9 0
sim drill 0 | 10 9 5 1 6
simdrill 1 | 9 9 7 0 10
simdrill 2 | 7 7 7 0 0
drill total 26 25 19 1 16
sim box 0 9 9 8 4 0
sim box 1 10 9 10 4 10
simbox 2 | 6 6 4 1 1
box total 25 24 22 9 11
real mug 7 0 4 0 1
real box 7 3 0 2 3

Success is defined as the run achieving a minimum nll below the threshold defined in Table ITI.
The most and 1 Success below the most successes in each section are bolded.

pairs depending on context. Note the £ree points Xy are shared
by every object. We then apply CHSEL to each X}, U X’y with
a batch of 100 initial transforms centered on the centroid of
each A}, with uniform orientation. We evaluate the discrepancy
[see (3)] on all registered transforms, assigning the &}, with the
lowest median discrepancy as the target k = k to perform RUMI
on, meaning X = A U Xy. This process is depicted in Fig. 16.

When making contact during execution, we assign each con-
tact point the object clusters with the closest centroid. For contact
with the target, Algorithm 1 is applied normally. For contact with
anontarget (k # k), the contact points are added to X}, and A}, is
transformed by the measured change in end effector pose while
in contact, essentially assuming sticking contact.

For planning, we found it advantageous to consider object
clusters dynamics and introduce an obstruction cost function
to penalize moving nontarget X, to high information gain re-
gions. The nontarget object would be obstructing the robot from
observing those points and gaining information. Dynamics is
similar to Algorithm 7, but we replace lines 3—5 with checking
for x € A} that has the lowest robot sdf value (most inside the
robot). Thus, we estimate the displacement of all objects d;_ k.
The obstruction cost is similar to the information gain cost of

(29)
Co(di.k1.1) = > I(x|X)
xeD(U{L Urzy josr [ +di,i—dg ;ra)

(38)
where X}, is transformed to be the displaced object clusters
points in the target object frame. Conveniently, Co and Ct
both evaluate information gain in the workspace, with the voxel
downsampling D ensuring comparable density of query points,
meaning the cost scales can be more easily tuned with respect

to each other.

K. Results

The simulated task results are in Fig. 18 and the real task
results are in Fig. 20. The number of successful trials out of 10
for each task is compared in Table V. In addition, the median
over the cumulative nll(X) of each run are in Table VI. For
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Fig. 19.
From top to bottom we have clutter easy, clutter medium, and clutter hard.
TABLE VI

MEDIAN CUMULATIVE nll(X’) FOR 10 RUNS OF ACTIVE RUMMAGING FOR
POSE ESTIMATION IN DIFFERENT TASKS IN FIGS. 10 AND 12

Task Ours InfoOnly = ReachOnly | GPVR  Slide
sim mug 0 | 925 1447 1691 1691 2478
sim mug 1 | 1447 1598 1591 2252 2610
sim mug 2 | 1013 827 1104 1239 2467
mug total 3385 4444 4386 5182 7555
sim drill 0 | 7975 10425 15401 22725 8369
sim drill 1 13750 | 12473 21627 22835 6049
sim drill 2 | 24479 | 23892 27471 33419 69321
drill total 46204 | 46790 64499 78979 83739
sim box 0 12744 | 12811 10718 24276 16527
sim box 1 8109 7412 6596 10183 4601
sim box 2 | 23923 | 24675 43254 31196 23157
box total 44776 | 44898 60568 65655 44285
real mug 640 1330 946 1145 4652
real box 9177 8341 8762 9994 7717

The best and any 5% within the best are bolded.

nll(X) after each execution step for clutter tasks depicted in Fig. 15.
The median over 10 runs is plotted, with the 25th to 75th percentile shaded.
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Fig.20. nll(X) after each execution step for the (top) real mug and (bot) real
box tasks depicted in Fig. 12. The median over 10 runs is plotted, with the 25th
to 75th percentile shaded.

the sim and real tasks, cumulative nll(X) over time is a good
indicator of exploration speed; however, for the box and sim drill
tasks, cumulative nll(X) is dominated by the initial search for
the first surface points of the object since they do not start with
the object in view. Thus, for those tasks it is more a measure of
how quickly the different methods make first contact with the
object.

We observe that RUMI is the only method to achieve consis-
tently good performance, if not the most number of successes,
across all the sim and real tasks. On the sim mug tasks, it also
had the lowest cumulative nll(X’), meaning it was the most
efficient. The ablations show that both C; and C'r are important
for this task, although individually they can also perform well
on certain tasks. For example on the sim mug task, ReachOnly
achieved a high number of successes by itself. This was likely
due to the handle being close to where the robot needed to
push from to increase reachability. However even in this case,
adding C improves efficiency because the mug could be pushed
into more reachable regions without contacting the handle. This
explains the occasional failures of the ReachOnly method on
the mug tasks. On the drill tasks, pushing the object to be more
reachable did not reliably lead to contact that was informative
about the pose, and it did much worse than our full method and
the InfoOnly baseline.

A common failure case for all methods was pushing the object
to be outside the robot’s reachable region. The performance gain
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of the full method against the InfoOnly ablation can be mostly
attributed to preventing this. As long as the object was kept
within reach and contacts kept being made with the object at
different locations, the pose estimation was gradually improved.
This is illustrated in ReachOnly’s performance on the sim box
tasks, where it is one of the slowest methods to reduce nll, but
was still able to achieve a relatively high number of successful
trials.

The slide baseline exhibited behavior that in some ways was
the opposite of ReachOnly’s. It always pushed the object away
from the robot, and it became a race of it gathering enough
pose-identifying information from those contacts before the
object moved out of reach. On the real robot, sometimes it did
not register that a contact was made and would continue push-
ing forward. This strategy’s success was highly configuration-
dependent, seen in Table V, where it can either achieve reliable
success (since there is only randomness in the sliding direction),
or no success. This strategy however does often lead to it being
the quickest method to make contact with the object, giving it
low cumulative nll(X) for the sim drill and box tasks.

The GPVR baseline’s performance can be compared against
the InfoOnly ablation’s, as neither have an explicit cost for
avoiding the object from being pushed out. As seen in Fig. 17,
the highest var (x| X’), even when given points augmented using
shape information, does not match where intuitively information
about the shape might be held. A similar problem was present
in the drill tasks, where GPVR does very poorly because the
task requires making multiple contacts close together, such as
on either side of the drill head. Upon making contact with one
side, the proximity of observed surface points lowers the GP
variance around it, placing high cost on visiting the other side or
the front of the drill, which was necessary to estimate its pose.
This suggests that augmenting points is not a satisfactory way
of conditioning on known object shape.

The clutter task results are in Fig. 19 where we see that
our method performs the best on all tasks. Different scales for
Co were considered, with scale=1 relative to information gain
performing the best. Having scale=0 led to pushing the other
objects into the target object, while scale=5 led to avoiding
pushing the nontarget objects at all, making it impossible to do
well on clutter hard.

L. Runtime Comparison

We also recorded the average computation time per step
in the sim mug task and sim box task to highlight RUMI’s
computational efficiency in Table VII. Caching p(Sx|X) and
I(x|X), and the dynamics were processes shared by all methods.
All methods were implemented in PyTorch and accelerated by
running on a modern computer with a NVIDIA RTX 4090 GPU.
Computing p(Sy|X) and I(x|X) for x € W took 0.061 s per
step, while evaluating our cost inside the MPC took 0.178 s for
the sim mug. The time was dominated by evaluating f because
it is stochastic and so benefited from sampling multiple state
rollouts, in addition to dividing each step into four sequentially
applied mini steps to avoid over-penetration. The GP fitting

TABLE VII
RUN TIME FOR DIFFERENT PROCESSES OF OUR METHOD AND THE GPVR
BASELINE PER EXECUTION STEP OF THE PLANAR SIM MUG 0 AND THE 3-D
SiM Box 0 TASK ACROSS 10 RUNS

B average time per step (s)
process sim mug sim box
cache p(Sx|X), I(x|X) | 0.061 (0.001)  0.387 (0.002)
dynamics 0.724 (0.012)  1.242 (0.054)
our cost lookup 0.178 (0.002)  0.556 (0.021)
GP fit 1.870 (0.066)  2.541 (0.061)
GP cost lookup 0.116 (0.002)  0.184 (0.004)

Standard deviation is in parenthesis.

process also included caching var(x|X’) Vx € W in a voxel
grid to speed up inference inside the cost.

We considered how well the methods scale to the full 3-D sim
box task. The main challenge was the increased WV size, with
approximately 2.24 times more total points. Caching p(Sx|X)
and I (x|X) slowed down to 0.387 s, or an increase of 6.3 times,
while our cost evaluation increased around three times to 0.556
s. The GPVR cost run time scaled well because we were down
sampling the workspace by seven times the resolution for fitting
the GP’s free space.

Reducing the step size to no longer require dynamics mini
steps, or using an alternative dynamics function would effec-
tively improve the whole method’s efficiency. Currently, RUMI
can be run at around 1 Hz, which was more than sufficient for
quasi-static rummaging.

VI. DISCUSSION AND FUTURE WORK

A. Object Clutter

Qualitatively, the robot pushed multiple obstructing nontarget
objects to clear a path to the back of the mug for Clutter Hard,
necessary for this task. This is a true interactive perception
problem, rather than one arising from the lack of reliable and
mobile vision. The good performance of RUMI on clutter tasks
suggests potential for future practical applications. Only the
target object mesh was known, with the number, placement,
and shapes of the clutter objects being unknown. Critical to
this success was the accurate initial clustering of the camera
observation into object clusterss, at least in separating the target
from other objects, which may be more difficult in real envi-
ronments with more noise. This required the objects to start
sufficiently separated from each other, as well as for the objects
to geometrically be sufficiently different from the target object.
Nongeometric features, such as color could be incorporated in
this initial clustering step in future work.

Future work could also explore the total information gain pro-
vided by all object clusterss; however, an obstacle to that is the
fact that the information gain is unnormalized, so I (x|}, U X})
cannot be trivially summed for £ = 1..K.

B. Limitations

In addition to requiring the target object to be geometrically
distinct from the rest of the environment, another limitation is the
need to avoid object toppling while exploring the environment.
This places restrictions on object geometry and requires slow
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robot movement. Since after the initial visual observation we
assume no reliable vision, we would have no way to sense and
respond to object toppling. Incorporating mobile vision could
be explored to respond to mitigate this.

C. Effects of Approximations

We used several approximations in the formulation of our
method. Although it is difficult to quantitatively evaluate the
effect of each, we provide a qualitative discussion to provide
more insight into their effects. First, the use of reverse KL
instead of forward KL in (14). We note that the difference is only
significant in regions where I,. and I are high, and then only
in relative magnitude. They predominantly agree categorically
on which regions have near 0 information gain or significant
information gain, so we expect this approximation to not af-
fect exploration performance. Second, there is the dropping of
normalizing constants in (20). Their contribution is controlled
by A; with a lower A the approximation accuracy goes down
because the ignored term becomes relatively larger, but having
too high A leads to particle degeneracy in the particle filter
approximation of the pose posterior. Finally, there is the particle
filter approximation itself. From Fig. 5 we qualitatively see
the effect of increasing P, which is to reduce the variance of
the approximation. Beyond P = 100, we found little practical
downstream benefit in exploration performance.

D. Unknown Object Shape

The last point of improvement is to relax our knowledge of
the object from having its SDF to just having a class label.
One naive approach is to use a template SDF for each object
class and absorb the SDF uncertainty into the sensor model
p(Sx|sdf(Tx)). However, this fails with object classes that
have high geometric variation. One possible approach would
be to extend the pose posterior particle filter to also represent
object shape, such that each particle is both a pose and a shape.
The shape could be parameterized by recent advances in 3-D
representations, such as the Deformed Implicit Field [50], that
allows shape editing by constraining on surface points.

VII. CONCLUSION

We presented RUMI, an active exploration method based
on the mutual information between a movable target object’s
uncertain pose and the robot trajectory. It maintains an explicit
belief over the object pose using a particle filter, updating it
with observed point clouds augmented with semantics, such as
whether a point is in free space or on the object surface. Given
object SDF, we formulated an information gain cost function
evaluating the expected KL divergence between the pose distri-
bution before and after executing a robot trajectory. In addition,
we implemented a reachability cost function and showed that it
was important to prevent pushing the object outside the robot’s
reachable region. Through comparison with baselines in real and
simulated experiments, we showed that RUMI could effectively
and efficiently condition on object shape to explore and estimate

object pose. In addition, we demonstrated potential for practical
applications with tasks where an unknown number of unknown
movable objects were cluttered around the target object.
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