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Abstract— Robots deployed in real-world environments, such
as homes, must not only navigate safely but also understand
their surroundings and adapt to changes in the environment.
Existing research on semantic exploration largely focuses on
static scenes without persistent object-level instance tracking. In
this work, we propose an open-vocabulary, semantic exploration
system for semi-static environments. Our system maintains a
consistent map by building a probabilistic model of object in-
stance stationarity, systematically tracking semi-static changes,
and actively exploring areas that have not been visited for
an extended period. In addition to active map maintenance,
our approach leverages the map’s semantic richness with large
language model (LLM)-based reasoning for open-vocabulary
object-goal navigation. Evaluated on state-of-the-art base-
lines using publicly available object navigation and mapping
datasets, our method outperforms the baselines in both success
rate in object-goal navigation tasks and in handling scene
changes during mapping. A video of full (including real-world)
experimental results can be found at https://tiny.cc/sem-explor-
semi-static and on our website https://utiasdsl.github.io/semi-
static-semantic-exploration/,

I. INTRODUCTION

Autonomous robots executing everyday tasks, like object-
goal navigation—locating objects in unknown or partially
known spaces—require the same tight integration of se-
mantic understanding, spatial reasoning, and adaptability
that humans use to navigate and adapt to scene changes
(e.g., moved furniture). Most existing approaches target static
scenes [1]-[3], failing to address unobserved, long-term
semi-static changes [4], [S]. Maintaining a consistent spatio-
temporal environment representation is crucial for efficient
long-term autonomy but remains underexplored in object-
goal navigation.

II. PROBLEM FORMULATION

Our system takes RGB-D frames F, along with camera
poses T?W, which are assumed known and obtained here via
a visual inertia odometry (VIO) system [6]. It incrementally
builds and updates a semantic map of a semi-static envi-
ronment comprising an object library O, a missing object
library O, and a background point cloud Py, ¢, all of
which can be initialized as empty sets or based on a prior
map. Given a user query q (e.g., “Find my glasses!” or
“Maintain the map!”), we generate an exploration priority
map which allows the robot to either search for the requested
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Fig. 1.  Our proposed open-vocabulary semantic exploration approach
for semi-static environments, where objects can be shifted, removed, or
reintroduced. To account for such changes, the system explicitly maintains
a stationarity score for each object instance and actively revisits regions of
the map that are likely outdated. This enables the construction of an up-to-
date metric-semantic map, which we use to prioritize contextually relevant
areas during (unseen) object-goal navigation in semi-static scenes.

object or actively revisit likely outdated map regions to
maintain a spatial-temporal consistent 3D map.

III. METHODOLOGY

At each timestep ¢, we process an RGB-D frame F; with
its camera pose T?W to detect visible object candidates ).
These candidates are used to incrementally update the scene
belief, which comprises the object library O,, the missing
object library Oy ¢, and the accumulated background point
cloud Py ;. Each object comprises a point cloud, a visual
feature vector, and an open-vocabulary class label. Given
a user query q (e.g., search or maintenance), we construct
an exploration priority map fiask(-| O, q) to sample target
waypoints for navigation.

A. Current View Object Candidates and Scene Belief Update

We extract object candidates ); from the RGB-D frame
using SAM [7] for segmentation masks and CLIP [8] for
visual features and open-vocabulary class labels. The back-
ground point cloud Py, ¢ is updated with points not covered
by any object mask.

1) Expected-View Association: We update the scene belief
by associating current candidates ); with objects expected to
be visible in the current view, O; oxp € O;—1. An object O;
is expected if the visible fraction of its point cloud exceeds a
threshold Texpected. Matching relies on (i) semantic similarity
(Ssem), which is the cosine similarity between the visual
feature vectors, and (ii) geometric similarity (Sgeo), Which is
the intersection over union of the point clouds.

The association proceeds in two steps: first, by greedily
pairing objects under a stationarity assumption using Sgeo
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Fig. 2. Example of our method (left) and DynaMem [9] (right) searching
for an unseen knife (top) and a moved chair (bottom). Our method checks the
dining table, then kitchen and bedroom, while DynaMem explores randomly.
Robot path and start shown in gray. Goal object marked with a yellow star;
prior location with a blue cross.

and Sgep, thresholds; second, by matching remaining objects,
which may have moved, by prioritizing Seem and verifying
alignment via ICP. Matched candidates are merged with their
corresponding objects; unmatched candidates are added as
new objects.

2) Stationarity Score Update and Object Management:
Each object O; maintains a probabilistic belief of its sta-
tionarity score v; € [0,1] using a model [4] that up-
dates the score based on the measured change A;; and
an large language model (LLM)-derived prior stationarity
label s; (static/dynamic), according to the Bayesian update
p(v|A1:,8) < p(A¢lv, Arip—1)p(v]Ar:t—1,8).

For out-of-view objects, we inject a synthetic change
whose magnitude is scaled by the stationarity prior s; to de-
cay their stationary score as uncertainty increases (dynamic
objects are more likely to be outdated than static ones).

Objects O; with E[v;] < 6, are moved to the missing
object library Opis ;. Missing objects are reidentified and
merged with newly observed objects in O; within a temporal
window =7 of their disappearance using a similar matching
process as above.

B. Exploration Priority Map

The 2D exploration priority map fiask (x| Oy, q) (with 2D
position x) is computed as a weighted superposition of per-
object floor projections f(x|O;), i.e., frask(x]|Os,q) x
> o0co, MO|a)f(x[0O). The semantic relevancy score
A(O; | q) prioritizes objects for the current task. For map
maintenance, relevancy is computed with a custom designed
weighting function f(E[v;]):[0,1] — [0, 1] peaking for low-
stationarity objects. For object search, an LLM estimates the
likelihood of finding the target near each object O; based on
its class label.

C. Planning and Control

We select navigation goals with a sampling-based strat-
egy from the exploration priority map fi.sx. The sampled
waypoints are navigated to using a global path planner and
executed via model predictive control (MPC), relying on a
2D occupancy map derived from the current scene belief.
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(a) The stationarity rises and drops when objects appear and disappear.
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(b) The table shows which similarity measures are necessary to successfully
reidentify the shown object instances. Only when both measures are used
all three cases are covered.

Fig. 3. Example of removal, reintroduction, and translation. Our system
can distinguish between objects of the same class and reidentify previously
shown object instances.

TABLE I

RESULTS ON THE KHRONOS DATASET. KHRONOS’ RESULTS FROM [11]
*+: upper bounded by F1 < 1 (Pre + Rec)

Method ‘ Dynamics Changes
Pre Rec F1 | Pre Rec F1
£ Khronos [11] ‘ 90.4 78.6 84.1 ‘ 31.3 69.1 <50.2F
£ Ours (default) | 92.186.188.9 | 94.884.8 89.3
g
£ Khronos [11] | 96.0 59.7 73.2 ‘ 24.5 54.2 < 39.4F
% Ours (default) | 93.8 71.380.2 | 66.5 47.0 53.0

IV. EXPERIMENTAL RESULTS

We evaluate our approach in terms of object-goal naviga-
tion performance and change detection quality. In object-
goal navigation, we design 60 closed-loop tasks on the
InteriorAgent dataset [10], introducing semi-static changes
by hiding and revealing objects; our method achieves an
average of 25% increased success weighted by path length
(SPL) compared to DynaMem [9]. For change detection
quality, we compare against Khronos [11] on its own dataset,
demonstrating an average of 26.35% higher change-detection
F1 score, primarily because our system incorporates semantic
checks in addition to geometric analysis (Tab. [). Further-
more, an ablation study on object instance tracking shows
that while either semantic (Sgem) or geometric (Sgeo) simi-
larity may suffice for tracking distinct instances of the same
class, the robust tracking of objects that differ in only one of
these properties necessitates the integration of both similarity
measures (Fig. [3). We confirm the real-world transferability
of our method in three real-world environments.

V. CONCLUSION

We propose a novel open-vocabulary semantic exploration
approach for robots operating in semi-static environments.
Beyond traditional object-goal navigation, our approach ac-
tively targets map regions likely to be outdated. We veri-
fied its effectiveness in object-goal navigation and mapping
changing scenes against state-of-the art methods.
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