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Abstract—Dynamic indoor environments pose significant
challenges for autonomous robots, as objects frequently move
and scenes continuously change, requiring robust scene rep-
resentation and adaptive navigation strategies. In this work,
we introduce DSSM-SG, a dynamic open-vocabulary 3D scene
graph framework enhanced with spatial-semantic memory,
to support complex language instruction parsing and goal
navigation in dynamic environments. First, we construct a
multi-layered scene graph by combining waypoint topology
with semantic object information, and propose a viewpoint-
based mechanism to model object dynamics and detect scene
changes, enabling more precise semantic-geometric representa-
tion. Second, we design an efficient incremental graph update
strategy that adapts to object-level dynamics and navigation-
observed obstacles, thereby maintaining graph consistency and
alleviating mismatch during re-navigation. Finally, we introduce
a subgraph generation and matching approach driven by large
language models, significantly improving the system’s ability
to interpret and ground ambiguous goal descriptions. Exper-
imental results demonstrate that DSSM-SG achieves superior
performance in scene graph accuracy, update efficiency, and
language goal navigation success compared to existing baselines
in dynamic indoor environments.

I. INTRODUCTION

Autonomous robots operating in real-world environments
face multiple challenges: they must interpret complex and
often ambiguous human instructions, maintain long-term task
execution, and adapt to dynamically changing surround-
ings. To meet these challenges, they require robust multi-
modal language understanding, hierarchical task planning
with long-term memory, and dynamic perception grounding
combined with adaptive reasoning.

3D scene graphs provide a structured representation that
enables multi-level semantic understanding and relational
reasoning among objects and regions, making them a natural
tool for addressing such tasks. However, most existing scene
graph methods assume static environments and fixed object
configurations, limiting their ability to handle dynamic scene
changes and leading to discrepancies between the graph and
the actual environment. Moreover, current object navigation
methods often rely on pre-defined or single-target sequences,
failing to capture implicit relationships among objects and
the inherent ambiguity present in natural language instruc-
tions. These limitations hinder robust long-term navigation
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Fig. 1: We propose DSSM-SG, a framework for dynamic
indoor environments representation that models object se-
mantics, waypoint topology, and dynamics to support scene
updates and language-guided navigation.

and complex goal-directed behavior in dynamic real-world
scenarios.

To address these challenges, we propose DSSM-SG, a dy-
namic 3D scene graph construction and updating framework
with spatio-semantic memory. We extract object-level se-
mantic features using an open-vocabulary perception model
and fuse them with geometry to build a dynamic spatio-
semantic representation, enhancing 3D scene graph expres-
siveness in changing environments. Furthermore, based on
viewpoint matching, the framework supports scene graph
updates across different levels of object dynamics, ensuring
adaptability to changing environments. Finally, we introduce
a subgraph-based language grounding and goal navigation
method that improves the agent’s understanding of inter-
object relationships and ambiguous language queries, thereby
enabling robust task execution in dynamic settings. An
illustrative result of DSSM-SG is shown in Fig.1. Our main
contributions are summarized as follows:

« We propose DSSM-SG, a novel framework for con-
structing dynamic open-vocabulary 3D scene graphs,
which incorporates dynamic spatio-semantic memory
and object-level dynamic attributes to enable compre-
hensive representation of dynamic environments.

o We design an incremental scene graph updating mecha-
nism that leverages object dynamics to effectively adapt
and correct the scene representation as the environment
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changes.

« We develop a subgraph-based language grounding and
goal navigation method, which utilizes a large lan-
guage model (LLM) to interpret ambiguous queries and
matches local subgraphs to identify the target’s global
position within the scene graph, enabling accurate and
context-aware goal retrieval.

This paper is organized as follows. Section II discusses
related work. Section III describes the proposed method
DSSM-SG. Section IV details the experimental setup and
results, and Section V concludes the paper.

II. RELATED WORK
A. Open-Vocabulary 3D Scene Graph

3D scene graphs [1]-[3] aim to represent objects and
their relationships in a structured form, enabling higher-level
scene understanding and reasoning for robotic tasks. With the
rapid development of Vision-Language Models (VLMs), 3D
scene graphs have adopted open-vocabulary mechanisms to
address the zero-shot problem in unknown environments [4]—
[7]. ConceptGraphs [8] integrates 3D geometric cues with
LLMs and VLMs, assigning semantic labels to objects and
supporting free-form language queries with rich semantic
descriptions. HOV-SG [9] extends this approach to multi-
floor indoor environments, enabling cross-level accessibil-
ity analysis and object navigation. In outdoor scenarios,
CURB-SG [10] introduces a collaborative urban scene graph
for modeling traffic environments. However, most of these
methods rely on static assumptions and struggle to adapt
to dynamic real-world changes, limiting their robustness in
long-term tasks.

B. Dynamic Environments Mapping

Mapping in dynamic environments remains a fundamental
challenge in navigation [11], [12]. Khronos [13] introduced
a spatio-temporal semantic perception framework that inte-
grates short-term dynamics with long-term global change de-
tection to construct dense spatio-temporal maps. DynaMem
[14] employs dynamic spatio-semantic memory to represent
the environment as a voxel map, enabling real-time updates
and dynamic target tracking in mobile manipulation tasks.
DovSG [15] builds a dynamic open-vocabulary 3D scene
graph with a local update mechanism, while OpenIN [16]
utilizes a Carrier-Relationship Scene Graph for dynamic
scene graph updates. However, existing approaches often
overlook the influence of dynamic changes on object at-
tributes and inter-object relationships, making it difficult to
model temporal regularities and constraining long-term task
performance.

C. Language Goal Navigation

As one of the most significant foundation tasks for intel-
ligent agent, goal navigation can be classified to object goal
navigation [17]-[20] and language goal navigation [21], [22].
In contrast, language goal navigation raises a higher request,
not only specifying object category, but also identifying both
the attributes and spatial relationships in natural language.

VLMaps [23] built semantic maps through LSeg [24] Model
encoding images and aligning pixel embedding with 3D map
location. LM-Nav [25] adapted a strategy, leveraging GPT-3
to transfer text queries to landmarks and combining CLIP
[26] feature to optimize navigation target. In addition, VLN-
Game [27] proposed a game-theoretic based vision-language
goal navigation method, identifying the most promising areas
through 3D object-centric spatial map.

To address these challenges, we propose DSSM-SG, a
dynamic open-vocabulary 3D scene graph framework with
spatio-semantic memory. It combines the advantages of scene
graph construction and dynamic mapping, enabling the gen-
eration of semantically rich and logically structured maps
that adapt to environmental changes through continuous
updates. To support language-goal navigation, we further
represent language queries as graph structures, allowing ac-
curate interpretation and efficient retrieval in dynamic indoor
environments.

III. METHOD

We propose DSSM-SG, a dynamic open-vocabulary 3D
scene graph construction and updating framework capable
of building stable and semantically enriched 3D representa-
tions in long-term dynamic indoor environments, supporting
subgraph-based language goal navigation. An overview of
the introduced framework is illustrated in Fig.2.

A. Dynamic Scene Graph Construction

Given an RGB-D sequence I = {I,b,...,I; }, we construct
a 3D scene graph M = {N,E}, where the node set N = Ny U
Ny includes object and waypoint nodes, and the edge set
E =EoUEw UEwo captures spatial relations among them.

Object-centric map construction: Each frame I, is pro-
cessed through open-vocabulary detection and segmentation
[28]-[30] to obtain object masks {m;;}, bounding boxes
{b,;}, and semantic labels {¢;;}, from which we extract
CLIP-based visual and semantic features {f;;}. These 2D
masks are projected into 3D point clouds {p,;} using the
depth image 17" and camera pose 6;.

To associate new observations with existing objects
01-1,j = (Po;> Jo;), We compute geometric similarity sgeo (i, j)
based on neighborhood overlap, and semantic similarity
Ssem(i,j) via normalized cosine distance. The fusion score
s(i, j) is a sum of both. if (i, j) < Oy, a new object node is
created, otherwise the point cloud and features are merged.

Object nodes with confidence above 8., are retained,
each storing a 3D bounding box B,;, observation index
Ié‘fx, and textual feature fé‘;x’ extracted using the CLIP text
encoder. Edges Ey are created between nearby objects based
on the minimum bounding box distance.

Waypoint topology construction: In our framework, we
adopt a viewpoint fusion strategy to construct the way-
point topology. Specifically, given a sequence of camera
poses, a new viewpoint is added and a topological edge
is created when the angular or spatial difference between
adjacent poses exceeds predefined thresholds. Viewpoints
with identical positions are merged into a single waypoint

4803



Instance Perception

——— e e e o = =

Open-Vocabulary Object
Detection/Segmentation

Yolo-World SAM CLIP

- - —

(|

Depth
g Change Detection
Alignment E
Object Association
Open-Vocabulary o ——
Embedding 3D Object Construction

Dynamic Scene Graph Construction

Scene Graph Updating
L -
/ \

I' B Scene ‘Waypoint
: Waypoint Topology
W Object Update
1
| N
1
1

1

1

1

1

1

1

New :
i 1

~7 Object H
1

1

1

1

1

1

1

1

1

=

/<

¥ .
Disappeared Observation
T Objects Edge Update
M e —————— -
ﬁ New Observations

Viewpoint <1':|
Matching
L1
Target Graph Matching Navigation Planning|
o—o° =
€ €

Subgraph-based Navigation

Target Graph
Reasoning

Fig. 2: The DSSM-SG framework consists of open-vocabulary static instance construction, dynamic scene representation,

target graph-based language query, and scene graph updating.

node, which aggregates multi-directional observations. For
repeated orientations across different timestamps, only the
most recent observation is retained to ensure consistency.
Observation edges Ewo connect waypoints to visible objects,
constrained by a range threshold to discard unreachable
targets. This forms a sparse graph where each waypoint
corresponds to a subgraph of locally visible objects.

Dynamic spatio-semantic memory: To detect scene
changes, we group observations by viewpoint and apply a
sliding window strategy. For disappearing objects, we define
the final consistent frames as the reference set Opy., and the
remaining as comparison set O¢omp. Objects missing in Opgge
but present in Ocomp are labeled as disappeared. For new
object detection, the initial frames are used as the reference
set Opgse, While the later frames serve as the comparison
set Ocomp. Objects appearing in Ocopp but not in Opgy, are
identified as newly appeared.

We treat object movement as the association between
newly appeared and recently disappeared objects, based on
fused RGB, semantic, and volumetric similarity. For each
candidate pair (dis,app), we compute cosine similarity of
RGB features s,,, semantic embeddings sgem,m, and volume
similarity sy. The final motion score is:

Assem(disaapp) = ssem(disyapp) — Osem (D

2

If s0ve €Xxceeds a threshold, the pair is considered a moving
object and labeled with dynamic state d; .

Historical object locations are preserved by maintaining
disappeared or displaced entities as historical nodes in the
scene graph, establishing a dynamic spatio-semantic memory
that supports temporal reasoning. Additionally, to estimate
the likelihood of object movement due to human interaction
or environmental influence, we provide the object’s category

1 . .
Smove = 5 (Srgp(dis,app) + Ssemsv (dis,app) + ASsem)
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Fig. 3: Dynamic Spatio-Semantic Memory. Perceptual
changes are detected via window-based comparison; dynamic
objects are associated through fused semantic, visual, and
geometric similarity.

label Coj» bounding box B(,j, and surrounding semantic
context to a large language model. The resulting score is
assigned as the dynamic attribute dg,,. Fig.3 illustrates the
overall process of constructing a dynamic 3D scene graph
with spatio-semantic memory.

B. Dynamic Scene Graph Updating

To adapt to structural changes during repeated exploration
of dynamic scenes, it is necessary to update the scene graph
in a timely manner.DSSM-SG utilizes RGB-D observations
I]¢ collected at waypoints during re-exploration to dynami-
cally update both object nodes and the waypoint topology.

Dynamic object update: The current observation is first
matched with existing viewpoints in the 3D scene graph.
For successfully matched frames, we use an open-vocabulary
vision-language model to extract the observed object set
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Opow, and associate it with the corresponding historical
objects O,.r. Based on dynamic attributes and their poten-
tial impact on scene structure, objects are categorized into
three levels: Op;: highly dynamic objects, potentially ex-
hibiting large-scale appearance/disappearance or intra-frame
displacement;O;,: objects with moderate dynamics, con-
sidered for large-scale changes only;O;3: objects with low
dynamic scores, assumed to be static.

For Or1 U0 C Oy.p, we compute semantic similarity
with Opoy. If %, > 6/,,, objects in Op, are considered
unchanged. For Oy, additional geometric consistency checks
are applied: objects are marked unchanged only if their
3D Intersection over Union(IoU) exceeds &, and center
distance is below §&.. After matching, unmatched objects
in O,y are considered unobserved. Their observation edges
ey are removed, and if no viewpoints observe them, they
are marked as disappeared nodes Ngis. Newly observed
objects are added as new dynamic nodes Nj;'”, with relational
edges e;5 to nearby objects and observation edges ey, from
the current waypoint.

Waypoint topology maintenance: During navigation, if
an obstacle is detected along the path from the current
waypoint wy to the next waypoint wy, |, the connecting edge
€y wiy, 1S marked as non-traversable and removed from the
edge set Ew. If a waypoint w; loses all its connections, it is
considered isolated and removed from the node set Ny, along
with its observation edges Ewo. To improve adaptability
to environmental changes, deleted edges are retained as
candidates, and active sensing is continuously performed. If
a previously blocked path is verified to be clear over multiple
consecutive frames, the corresponding edge is reinserted into
the topology, enabling dynamic path recovery.

C. Subgraph-based Language Goal Navigation

In real-world environments, semantically similar objects
are often described using contextual and relational cues. To
support such queries, we propose a graph-matching-based
language navigation framework that grounds descriptive lan-
guage using spatial and semantic information from the scene
graph, as shown in Fig.4.

Target graph generation: We utilize a LLM to trans-
form natural language queries into structured target graphs.
Queries are categorized into two types:

« Explicit queries specify target objects and spatial re-
lations (e.g.,“a book on the table”). For these, the
LLM extracts object categories and relational terms to
construct a graph with semantic nodes and spatial edges.

« Implicit queries refer to functional or abstract goals
(e.g., “a place suitable for reading”). The LLM infers
likely object compositions and relationships through
contextual reasoning.

The final target graph includes semantic nodes N, rela-
tional edges E;,r, and a designated core target. Each node
is encoded with CLIP embeddings to enable semantic-level
matching.

Target graph matching: Each local observation subgraph
associated with a waypoint is treated as a candidate. A
candidate subgraph is denoted as (Ncan,Ecan), Where each
node n € Ngap is equipped with a semantic embedding fion
and a dynamic attribute.

We perform node-level matching between the target graph
and each candidate subgraph. For each node n,,; in the target
graph (i = 1,...,Ny), we compute its semantic similarity
with all nodes in the candidate subgraph and retain those
exceeding a predefined threshold, forming a matching set
N(’) C Ncan. The node-level similarity score between the

match =
target and candidate graphs is then computed as:

1 Mar

Snode = max Ssem(”tar,h”)
tar j—| nENcan

3)

where Sgem(+,+) denotes the cosine similarity between
semantic embeddings. This score reflects the overall semantic
alignment between the target and candidate subgraphs at the
node level.

We then compute the topological similarity between each
matching node pair based on local graph structure. For each
node in the semantic matching set Npaech, We construct
a topological feature vector V of length |Npaen|, where
each element is the degree deg(n) of a neighboring node.
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The vectors are normalized, and topological similarity is
computed as:

V=[deg(ni),deg(nz),...,deg(nn,,,..)] 4)
1_}’tar"_;can
Stop = 75 5T (5)
o’ [Viar |l - [[Vean|l

The final graph similarity s,,4,, combines node and topology
similarity $grqph=SnodetSiop.- We enumerate all permutations
of the matching nodes and compute s, for each, selecting
the candidate subgraph with the highest similarity as the
best match. The corresponding viewpoint of this subgraph
is selected as the navigation goal.

Navigation Planning: Once the goal waypoint is deter-
mined, we perform path planning using Dijkstra’s algorithm
over the current waypoint topology. The agent follows the
planned route, adjusting orientation based on angular differ-
ences between consecutive waypoints. If a path is blocked,
the system prunes the invalid edge and re-plans from the
previous waypoint, ensuring robust and adaptive navigation.

IV. EXPERIMENTAL RESULTS

In this section, we conduct experiments in the iGibson
simulation environment [31] using two representative indoor
scenes. Both scenes contain a diverse set of static and
dynamic objects with rich dynamic properties, providing a
realistic and comprehensive simulation of real-world envi-
ronments.

These objects vary in size, attributes, and dynamic behav-
iors. A LoCoBot mobile robot is used as the navigation agent,
collecting RGB-D sequences throughout the simulation. The
evaluation focuses on three core modules: dynamic scene
graph construction, scene graph updating, and language goal
navigation. The experiments aim to address the following
two key research questions:

1) How accurately can our framework construct open-
vocabulary scene graphs in dynamic indoor environments,
capturing both static and dynamic objects along with their
semantic and geometric properties?

2) How robustly can the constructed scene graphs be incre-
mentally updated to adapt to environmental changes and
recover from early perception errors?

3) How reliably can our framework perform language-based
navigation queries, retrieving target locations in evolving
scenes?

A. Dynamic Scene Adaption and Scene Graph Construction

We first assess the framework’s performance in dynamic
scene graph construction. For static objects, each detected
instance is matched to a ground truth object as a positive
sample. For dynamic objects-categorized as appearing, disap-
pearing, or moving-only detections with the correct dynamic
state are treated as true positives. Using two representative
indoor scenes, we compare our method with ConceptGraphs
and DovSG, evaluating geometric consistency, semantic ac-
curacy, and dynamic state classification. Precision, recall, and

TABLE I: Performance Comparison on Dynamic Scene
Graph Construction

Static Dynamic

Scene Method

Pre(%) Rec(%) F1(%) Pre(%) Rec(%) F1(%)

ConceptGraphs 90.2 90.2 902 400 400 40.0
Thlen_1_int (8]

DovSG [15] 902 915 908 750 750 750

DSSM-SG 942 890 915 778 875 824

ConceptGraphs 82.1 622 70.8 50.0 50.0  50.0
Rs_int 18]

DovSG [15] 81.8 750 742 750 500 60.0

DSSM-SG 833 758 794 833 833 833

F1 scores for both static and dynamic object construction are
reported in Table I.

Our method achieves superior performance in both static
and dynamic object construction tasks. For static objects,
instead of relying solely on large language models to de-
scribe the central object in an image, we aggregate se-
mantic information through confidence-based voting across
multiple detections. This strategy ensures higher accuracy
and recall by preserving more reliable and complete se-
mantic cues. In terms of dynamic objects, ConceptGraphs
lacks the capability to handle dynamic environments and
can only incrementally add newly detected objects. DovSG
employs voxel-based back-projection to detect scene changes
by comparing current observations with the voxel map, but
its update mechanism is limited to instance-level additions
and deletions, without modeling actual object dynamics. In
contrast, our method performs dynamic change detection and
object association to classify and track different dynamic
states, enabling more accurate perception and construction
of dynamic scene graphs.

We further evaluate the construction performance across
different dynamic object states. Dynamic objects from both
scenes are unified for analysis, reported in Table II. The
consistently high recall indicates comprehensive detection
across all dynamic types. Notably, our object association
module achieves 100% precision in identifying moving ob-
jects. In contrast, precision for newly appeared and disap-
peared objects is comparatively lower. Although techniques
such as windowed observation and confidence-based filtering
improve robustness, detection instability still affects change
recognition. Nonetheless, our approach demonstrates strong
capability in representing and distinguishing dynamic ob-
jects.

B. Re-navigation Graph Update

Re-navigation graph update is a key capability for adapting
to dynamic environments. Based on the constructed dynamic
open-vocabulary 3D scene graphs, we collect two obser-
vation sequences of similar length from scenes undergoing
further dynamic changes. We assess the scene graph accuracy
before and after the changes, as well as after each valid
update triggered by object-level matching. To better reflect
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TABLE II: Performance of Dynamic State Classification for
Different Object Changes

Dynamic State Pre (%) Rec (%) F1 (%)
Appear 57.1 80.0 66.6
Disappear 50.0 75.0 60.0
Relocation 100.0 80.0 88.9
Total 64.7 78.5 70.9

the impact of re-navigation updates and ensure comparability
across scenes, we introduce a relative accuracy metric by
normalizing each update’s accuracy gain with respect to the
total accuracy gap between pre- and post-change graphs:

AAcc = Accprev — ACChew (6)
Acci — AcChew
A = 7
CCrel Ace @)

Let Accprey and Accyey denote the scene graph accuracy
before and after scene changes, and Acc; the accuracy after
the i —th valid update. Accr is the relative accuracy after
normalizing. Results are shown in Fig.5.
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As shown in Fig.5 and 6, the system’s ability to adapt
to scene changes improves steadily with each update it-
eration. This trend indicates that the proposed incremen-
tal update mechanism effectively supports error correction
and structural recovery. Through continuous observations, it
incrementally mitigates early construction errors and pro-
gressively reconstructs a graph structure closer to the real
environment.

Moreover, we evaluate three key metrics during re-
navigation in the Rs_int and IThlen_1_int scenes: the dynamic
update success rate, the static retention success rate, and
the scene graph accuracy gain. As shown in Table III,
our method achieves near-complete reconstruction for all
changed dynamic objects, demonstrating robust responsive-
ness and adaptation. Meanwhile, static objects are preserved
with high consistency, avoiding erroneous modifications and
ensuring the structural stability and semantic continuity of
the scene graph across sequential tasks.

TABLE III: Performance of re-navigation update metrics
across scenes.

Metric Rs_int Thlen_1_int
Dynamic Update Success Rate 90% 100.0%
Static Retention Success Rate 93.3% 100.0%
Scene Graph Accuracy Gain 8.9% 5.0%

C. Open-vocabulary Object Retrieval

To demonstrate the advantages of our graph-based lan-
guage goal matching framework, we conduct retrieval ex-
periments on two types of textual queries:

« Explicit Queries: Sentences that specify a target object
and its spatial relations with surrounding objects (e.g.,”a
laptop on the table between a sofa and a stool”).

o Implicit Queries: Vague descriptions that reflect scene
functionality or characteristics without specifying con-
crete objects (e.g.,“a bright place suitable for working”).

In the two indoor scenes (Ihlen_1_int and Rs_int), we
construct 20 queries per type, each associated with one or
more ground-truth viewpoints. The queries are input into
three methods-CLIP image features, ConceptGraphs, and our
approach-to retrieve the top-1, top-2, and top-3 most relevant
views. Table IV summarizes the results in terms of whether
the target viewpoints are included in the top-ranked outputs.

TABLE 1V: Retrieval performance (R@K) for two query
types in scenes Rs_int and Thlen_1_int

Fig. 6: Visualization of Re-navigation Dynamic Scene Graph
Update

Scene Query Type Method R@1 R@2 R@3

CLIP-based [26] 0.55 0.60 0.65

Explicit Query ConceptGraphs [8] 0.45 0.65 0.70

Rs.int / Ours 055 0.80 0385
Thlen_1_int

CLIP-based [26] 045 050 0.65

Implicit Query ConceptGraphs [8] 0.30 0.35 0.45

Ours 0.65 0.70 0.70
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Fig. 7: Visualization of retrieval performance for two query types in dynamic scenes

For explicit queries, CLIP underperforms due to its lack of
spatial relational reasoning, and ConceptGraphs yields better
results. Our method further improves upon this by dynami-
cally associating objects and tracking their positions before
and after scene changes, enabling precise identification of
moved objects and distinction of similar objects in different
contexts.

For implicit queries, ConceptGraphs performs poorly due
to its object-centric representation and lack of compositional
scene understanding, while CLIP fails to capture semantic
subtleties. In contrast, our method leverages large language
model-based associative reasoning to infer potential object
compositions, leading to significantly improved matching
accuracy.

Thanks to the dynamic spatio-semantic memory, our
method remains robust in dynamic environments. When
queries refer to vanished objects, the system recalls their
pre-change positions; when target objects have moved, the
similarity score derived from matched subgraphs is trans-
ferred to the updated observation. This allows the system
to localize targets despite positional shifts, demonstrating
superior reasoning and matching capability under language-
based queries in evolving scenes.

D. Language Goal Navigation Application

To assess our framework’s adaptability to dynamic tasks,
we conduct a language-guided navigation experiment in the
dynamic iGibson scene Ihlen_l_int. The system initializes
by constructing a dynamic open-vocabulary scene graph and
receives the ambiguous instruction: “Find me a place suitable
for washing up.” A large language model infers relevant
concepts (e.g., sink, mirror), guiding the generation of a
goal subgraph. Through joint semantic-topological matching,
the system localizes the restroom and plans a path accord-
ingly. During navigation, a large piano appears, blocking

V. Wiy
=

He

|1 Real-time Replanning H

Fig. 8: Visualization of Dynamic Language Goal Navigation
Process.

the original route. The system detects the obstacle, updates
the object and topological layers, and re-plans an alternative
path when local rerouting fails. Throughout execution, the
graph is incrementally updated, and the agent adapts its
route to reach the target. This experiment demonstrates the
framework’s robustness in grounding ambiguous language,
tracking scene changes, and maintaining reliable navigation
through dynamic environments. The full process is illustrated
in Fig.8.

V. CONCLUSIONS

We propose DSSM-SG, a dynamic open-vocabulary 3D
scene graph system enhanced with spatial-semantic memory,
enabling continuous updating of multi-layered scene repre-
sentations in dynamic indoor environments. Our framework
supports robust parsing of ambiguous language goals and
facilitates reliable navigation under changing conditions. We
introduce a viewpoint-based dynamic change detection and
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object state modeling mechanism, along with a spatial-
semantic memory module that captures both semantic and
geometric evolution. To ensure consistency and responsive-
ness, we design a hierarchical graph update strategy syn-
chronizing object-level, relational, and topological layers.
Furthermore, we develop a graph-based language navigation
approach leveraging large language model-driven reasoning
to ground complex queries and plan paths under dynamic
topology. Experiments show DSSM-SG significantly out-
performs prior methods in accuracy, update efficiency, and
language-driven navigation.
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