O-STaR: Effective Object Search through
Spatio-Temporal Reasoning on Dynamic Scene Graphs

Rohit Menon  Yasmin Schmiede

Semantic
S

Temporal

Geometric

(a) Proposed Spatio-Temporal Reasoning:
Semantic — Geometric — Temporal

Fig. 1.

Gokul Krishna Chenchani

Hermann Blum*  Maren Bennewitz*

Offline Pre-processing
Furniture Mapping
& Room Segmentation

“Where is my Encyclopedia?” E
A

| i Object-Specific Priors

| LLM Knowledge Geometric Pruning

| Generate Placement Filter Infeasible

| Priors for Query Candidate Volumes |
I I

Filtered
Candidates

Active Execution Loop
Perception
Multi-target
Observation

& DSG Update

Belief Revision
Update Dirich-
let Counts
& Transitions

Object Search
Execute Action
(Visit Furniture)

Update Habits (Over Time)

Long-Term Memory
Personalized Habit-
uated Object Beliefs

(b) Active Search Pipeline:
Initialization — Search Loop — Personalization

O-STaR Framework Overview. Our approach enables personalized object search by bridging conceptual reasoning (a) with a robot active search

pipeline (b). When queried for encyclopedia’s location (a), LLM priors suggest a bookshelf or desk. Geometric grounding prunes the undersized bookshelf,
and physical observations during the system loop (b) trigger a temporal belief update, shifting search toward a learned household habit: the coffee table.
Our framework unifies offline processing of static furniture and room segmentation as scene graph anchors, open-vocabulary perception for dynamic scene
graph updates, and long-term memory refinement using temporal belief adaptation. (Fig 1 (a) generated using Gemini Nano Banana’s generative modeling)

I. INTRODUCTION

Service robots must reliably locate objects that are re-
located or concealed in dynamic households [1]. Many
existing systems rely on static representations and fixed
semantic assumptions, which often fail under long-term
variability [2], [3].

Recent approaches leverage Large Language Mod-
els (LLMs) to provide common-sense knowledge about ob-
ject placement [4]. While effective as generic priors, such
knowledge reflects an average user behavior and fails to
capture the personalized routines of individual households.
For example, while generic priors might associate an en-
cyclopedia with a bookshelf or desk, geometric constraints
might rule out an undersized shelf, while temporal observa-
tions reveal a unique household habit: keeping the volume
on a coffee table.

In this work, we present O-STaR (illustrated in Fig. 1),
an integrated reasoning framework that combines semantic
common sense reasoning, geometric feasibility, and adaptive
temporal belief updates over dynamic scene graphs [5].
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II. RELATED WORK

Object search has advanced through semantic priors, spa-
tial memory, and belief planning [6]. While recent mod-
ular systems use open-vocabulary perception and scene
graphs to generalize to novel objects [7], [8], they often
rely on population-level LLM priors that lack personaliza-
tion [9], [4]. DynaMem [10] explores dynamic adaptation,
but lacks integration with geometric constraints. In contrast,
O-STaR unifies semantic, geometric, and temporal reasoning
to enable personalized search.

III. O-STAR: UNIFIED REASONING FRAMEWORK

O-STaR represents the search for a target object as
a sequential belief update process over an incrementally
constructed open-vocabulary 3D semantic scene graph [2],
initialized through offline RGB-D scanning and open-
vocabulary segmentation [11], [12]. The scene graph ex-
plicitly models the hierarchical relationship between rooms,
furniture, compartments, and objects. We employ a YOLO-
based drawer detector [13] to partition storage volumes
into distinct nodes annotated with centroids and axis-aligned
bounding boxes to ground search in physical feasibility. This
structure enables O-STaR to perform unified reasoning across
semantic, geometric, and temporal dimensions.

A. Semantic—Geometric Reasoning for Physical Search

O-STaR leverages common-sense LLM knowledge strictly
for Day-0 initialization, seeding the initial object-location



belief across the household. This semantic prior is grounded
in physical feasibility by filtering candidate compartments
through volume exclusion tests in the 3D [2]. By ensuring
that the target object physically fits within proposed furniture
volumes, O-STaR prevents the exploration of semantically
likely but geometrically impossible locations. Once initial-
ized, our pipeline performs active search, where the belief
is progressively refined through physical observations and
temporal adaptation.

B. Temporal Belief Adaptation and Personalization

To personalize search over time, we maintain a Dirichlet-
Categorical belief over an object’s possible locations L =
{l1,...,In}. The belief is initialized at Day-0 using an
LLM-derived prior pr s with a total pseudo-count mass
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When a location [, is visited and the object is not detected
(negative observation), we redistribute a fixed evidence
weight w,,;ss to all other candidates:
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Conversely, a successful detection adds wp;; to the specific
location.

To account for object dynamics between search episodes,
we employ a ‘Stay+Leak’ transition model that diffuses the
belief:
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where « is the leakage rate. This mechanism enables O-
STaR to “unlearn” incorrect semantic priors through re-
peated negative evidence, shifting the search toward observed
household patterns. This adaptive transition model enables
systematic belief shift away from incorrect semantic priors
toward household-specific patterns observed over time. We
further employ relaxed inference to learn transitions from
sparse observations, bridging the gap between population-
level common sense and personal experience. Furthermore,
the framework leverages opportunistic multi-target percep-
tion during search to observe non-target re-locations i.e.,
detecting previously queried objects while searching for a
different target, thereby accelerating the convergence of the
temporal belief toward true household habits.

IV. EXPERIMENTAL EVALUATION

We evaluate O-STaR through a series of real-world trials
and long-term simulation sweeps designed to isolate physical
feasibility and cognitive robustness. Individual configura-
tions (R1-R5) are compared across varying levels of tempo-
ral plasticity, initial prior corruption, and observation noise.

ID  Transition Model Obs. Noise (pfpn)  Corruption  Success Rate

R1  Frozen (Stay) 0.1 0% 74.67%

R2  Adaptive (Stay+Leak) 0.1 0% 82.67 %

R3  Frozen (Stay) 0.1 30% 48.67%

R4  Adaptive (Stay+Leak) 0.1 30% 72.67 %

RS5  Adaptive (Stay+Leak) 0.5 0% 82.67 %
TABLE I

Object search success rates over 300 simulated episodes for different
belief transition models, observation noise levels (p ), and degrees of

prior corruption.

A. Real-World Validation of Semantic—Geometric Reasoning

In 44 real-world trials on a Stretch mobile manipulator, our
geometric reasoning reduced concealed-space search time by
68% compared to exhaustive search. Throughout these trials,
the robot successfully navigated the environment and inter-
acted with various storage compartments. Furthermore, we
successfully detected 80% of objects hidden within furniture
components such as drawers and cabinets. These physical
experiments demonstrate that O-STaR successfully grounds
semantic hypotheses in real-world geometric constraints.

B. Long-Term Simulation of Temporal Adaptation

To quantify long-term adaptation, we conducted 300-
episode simulation sweeps using the HOMER+ dataset [14],
which captures multi-day object relocation patterns across
three dynamic households. The results, summarized in
Tab. TV-B, indicate that temporal adaptation is essential
for robustness in dynamic environments. An adaptive model
(R2) achieved a success rate of 82.67%, outperforming a
stationary belief model (R1: 74.67%). Notably, the adaptive
model (R4) maintained a 72.67% success rate under 30%
prior corruption, whereas the frozen model (R3) degraded to
48.67%. These results demonstrate that temporal adaptation
is critical: the adaptive model not only improves baseline
performance but provides resilience, recovering 72.67 % suc-
cess from 30% prior corruption through systematic belief
redistribution. Furthermore, we observed a synergy between
perception and adaptation: using multi-target perception
to opportunistically observe non-target objects provided a
13% absolute increase in success rate under corrupted priors.
Performance remained stable even under high observation
noise (psn, = 0.5) when adaptation was enabled (RS5).

V. CONCLUSION

O-STaR demonstrates that effective long-term object
search requires reasoning that is personalizable over time
through active belief management. By explicitly combining
semantic priors, geometric feasibility, and temporal adapta-
tion on dynamic scene graphs, with probability redistribution
enabling adaptation from sparse experience, our framework
enables long-term, personalized object search in dynamic
human environments.
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