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Abstract. Dense 3D mapping with semantic understanding is essential
for robotic perception in complex environments. Recent 3D Gaussian
Splatting-based mapping approaches enable high-fidelity geometry and
efficient open-vocabulary perception, but typically represent semantics
as unstructured feature fields that limit object-centric reasoning. In con-
trast, 3D scene graphs explicitly model objects and their relationships
for structured reasoning, but are commonly constructed from sparse geo-
metric representations that do not fully exploit dense semantic maps. In
this work, we present OpenSplatGraph, a unified framework that con-
structs persistent 3D scene graphs directly from an online Gaussian-
based open-vocabulary semantic map. The proposed framework aug-
ments the dense semantic map with a reliability-aware semantic field that
maintains lightweight observation statistics for confidence-aware, query-
conditioned object extraction. Extracted object instances are associated
with persistent graph nodes, allowing object attributes and relationships
to be incrementally updated across observations and queries. By tightly
coupling dense semantic mapping with persistent object-centric represen-
tations, our framework supports both language-guided object grounding
and structured relational reasoning while preserving the geometric fi-
delity of Gaussian-based mapping. Comprehensive evaluations on stan-
dard 3D scene understanding benchmarks and real-world robotic exper-
iments demonstrate that OpenSplatGraph achieves competitive perfor-
mance for online open-vocabulary perception and downstream robotic
tasks. Project page: https://csiro-robotics.github.io/OpenSplatGraph,

Keywords: 3D Gaussian Splatting - 3D Scene Graph - Open-Vocabulary
Scene Understanding - Robot Perception

1 Introduction

Dense 3D mapping with semantic understanding is fundamental to robotic per-
ception, supporting navigation, manipulation, and interaction in complex envi-
ronments [9,/11,/38]. Recent advances in vision-language foundation models [18]
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Fig. 1: Comparison of complementary representations for open-vocabulary 3D scene
understanding. Dense semantic maps provide high-fidelity geometry and language-
aligned features but represent semantics as unstructured feature fields. Scene graphs
explicitly model objects and their relationships for structured reasoning, but typically
rely on sparse geometric representations. Our framework bridges these paradigms by
constructing a persistent 3D scene graph directly from an online dense semantic map.

have further enabled open-vocabulary 3D scene understanding that responds
to natural language queries and generalizes to previously unseen objects.

Meanwhile, 3D Gaussian Splatting (3D-GS) has established an efficient
representation for high-fidelity 3D reconstruction with real-time rendering. On-
line GS-based mapping systems integrate Gaussian primitives with
Simultaneous Localization and Mapping (SLAM) for geometrically consistent
mapping. Building on this representation, open-vocabulary approaches
incorporate vision-language features into dense Gaussian maps, enabling
language-guided retrieval of scene regions. However, semantics are often repre-
sented as unstructured per-voxel or per-Gaussian feature fields rather than ex-
plicit object-level entities. Consequently, they provide limited support for object-
centric reasoning and modeling inter-object relationships.

In parallel, 3D Scene Graphs (3DSGs) address this limitation by represent-
ing environments as graphs whose nodes correspond to objects and whose edges
encode semantic or spatial relationships . Recent advances have extended
scene graphs to online incremental systems , open-vocabulary reason-
ing , and large-scale robotic applications . Most open-vocabulary
scene graph methods construct graphs from RGB-D observations by projecting
2D detections into point clouds or meshes. While these approaches provide com-
pact and interpretable scene abstractions for reasoning, they typically rely on
sparse geometric representations that cannot fully exploit the dense geometric
and semantic information available in Gaussian-based maps.

As illustrated in Fig. [T} robotic systems benefit from these two complemen-
tary scene representations. Dense geometric-semantic maps provide high-fidelity
3D reconstruction for language-grounded perception and localization, whereas
object-centric scene graphs explicitly model objects and their relationships for



OpenSplatGraph 3

structured reasoning and task planning. However, existing approaches typically
emphasize one representation over the other, making it difficult to simultane-
ously achieve both high-fidelity mapping and structured scene understanding.

In this paper, we propose OpenSplatGraph, a framework that bridges these
two paradigms by grounding 3D scene graphs directly in an online open-vocabulary
3D-GS semantic map. Rather than treating the dense semantic field and the
scene graph as alternative representations, we maintain both throughout oper-
ation, allowing each to serve a complementary role. The dense semantic map
preserves fine-grained geometric and semantic information for open-vocabulary
perception, while the scene graph incrementally accumulates persistent object-
centric knowledge for structured reasoning. To support object construction, we
introduce a reliability-aware semantic field that augments the dense semantic
map with lightweight observation statistics, enabling confidence-aware ranking of
query-conditioned object instances. Extracted object instances are assigned per-
sistent identities and incrementally incorporated into a 3D scene graph, allowing
object attributes and relationships to be consistently accumulated across multi-
ple queries. By jointly maintaining these two representations, OpenSplatGraph
preserves the geometric fidelity of dense mapping while progressively construct-
ing an interpretable object-centric representation for language grounding, rela-
tional reasoning, and downstream robotic tasks.

Our contributions are summarized as follows:

— We introduce OpenSplatGraph, a unified framework that constructs persis-
tent 3D scene graphs directly from online open-vocabulary Gaussian seman-
tic maps, enabling high-fidelity dense mapping and structured scene under-
standing within a single system.

— We propose a reliability-aware semantic field that leverages lightweight per-
voxel observation statistics for robust query-conditioned object extraction
under partial observations and semantic ambiguity.

— We design a scene graph construction strategy that associates extracted
object instances with persistent identities and incrementally accumulates
object-centric knowledge across queries for structured relational reasoning.

— We validate the framework on standard 3D scene understanding benchmarks
and real-world robotic experiments, demonstrating competitive performance
for online open-vocabulary perception and downstream robotic tasks.

2 Related Work

2.1 Open-Vocabulary 3D Scene Understanding

Vision-language foundation models [18,24] have enabled open-vocabulary 3D
scene understanding by aligning visual representations with natural language.
Early methods, such as PointCLIP [37] and ConceptFusion [11], leverage lan-
guage features for point cloud understanding, while LERF [14] extends language-
guided retrieval to Neural Radiance Field (NeRF) representations. More recently,
3D-GS |13] has emerged as an efficient representation for open-vocabulary 3D
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perception and robotic applications [22,/40]. Representative methods, including
LangSplat [23], LEGaussian [26], OpenGaussian [33], and InstanceGaussian |17],
associate language features with Gaussian primitives for open-vocabulary query-
ing. However, these methods primarily represent semantics as unstructured fea-
ture fields, limiting their support for object-centric and relational reasoning.

2.2 3D Gaussian-Based Scene Mapping

3D-GS has been integrated into SLAM systems for efficient online dense mapping
and high-fidelity rendering. Methods such as SplaTAM [12]|, MonoGS |21], and
GS-ICP SLAM |[8] jointly optimize Gaussian representations and camera poses
for real-time reconstruction. Subsequent works incorporate semantic information
through supervised labels [19L[39] or open-vocabulary features, as demonstrated
by OpenGS-Fusion [34]. These approaches provide geometrically accurate and
semantically rich maps for robotic perception. However, they primarily focus on
online reconstruction and semantic fusion, without explicitly maintaining persis-
tent object-centric representations for structured reasoning and task planning.

2.3 3D Scene Graphs

3DSGs [1] represent objects as nodes and their relationships as edges, pro-
viding interpretable scene abstractions for planning and human-robot interac-
tion |25,31]. Recent advances [3] highlight rapid progress from online incremen-
tal graph construction [10/32] to open-vocabulary scene understanding through
ConceptGraphs [7], Open3DSG [16], and Clio |20], and large-scale robotic ap-
plications [51/35]. These methods typically construct graphs from point clouds or
meshes, providing compact object-centric representations for downstream rea-
soning. Despite these advances, many open-vocabulary approaches infer object
relationships from 2D observations using Vision-Language Models (VLM), re-
sulting in graph representations that are weakly grounded in dense 3D geometry.
Recent studies [61/30] have explored grounding scene graphs directly in Gaus-
sian representations. Our work follows this emerging direction but adopts a dif-
ferent architectural perspective. Rather than treating the dense maps and the
scene graph as alternative world models, we explicitly maintain both through-
out operation. The dense semantic field serves as the geometric and semantic
foundation for reliable object extraction, while the scene graph incrementally
accumulates object-centric knowledge for structured and relational reasoning.

3 Methodology

We propose OpenSplatGraph, a unified framework that jointly maintains a dense
open-vocabulary semantic field and a persistent 3D scene graph throughout on-
line operation. The dense semantic field serves as a geometrically consistent
foundation for query-conditioned object extraction, while the scene graph in-
crementally accumulates object-centric knowledge to support structured reason-
ing across multiple queries. Rather than maintaining a fixed object inventory,
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Fig. 2: Overview of OpenSplatGraph. Starting from a multi-view RGB-D sequence, the
framework incrementally constructs an online open-vocabulary dense semantic map
together with a reliability-aware semantic field for robust query-conditioned object
extraction. Extracted object instances are then associated across queries and incre-
mentally accumulated into a persistent 3D scene graph. By jointly maintaining the
dense semantic field and the scene graph, OpenSplatGraph enables structured rela-
tional reasoning while preserving high-fidelity geometric and semantic information for
downstream robotic tasks.

OpenSplatGraph extracts objects on demand from language queries by group-
ing spatially and semantically consistent regions in the semantic field. Extracted
instances are associated with persistent graph nodes and enriched with seman-
tic and relational information as the map evolves. In this way, OpenSplatGraph
preserves the fidelity of dense semantic mapping while progressively constructing
an interpretable scene representation for downstream robotic tasks. An overview
of the framework is shown in Fig. [

3.1 Reliability-Aware Semantic Field

The dense semantic field forms the perception layer of OpenSplatGraph, pro-
viding a geometrically consistent representation for query-conditioned object ex-
traction. Built upon an online open-vocabulary Gaussian semantic map, the field
maintains fused semantic features together with lightweight reliability statistics
that characterize the quality of semantic observations. These statistics regulate
semantic fusion and assess the reliability of extracted object candidates, improv-
ing robustness under partial visibility, occlusions, and semantic ambiguity.

Semantic Representation. OpenSplatGraph adopts a hybrid semantic map-
ping framework , combining voxel-based Truncated Signed Distance Function
(TSDF) geometry with 3D Gaussian primitives. The TSDF supports incremen-
tal geometric and semantic fusion, while the Gaussians capture fine scene details
and enable high-fidelity rendering. Given posed RGB-D observations, we extract
2D instance masks using SAM and associate them with language-aligned
CLIP embeddings . These observations are incrementally integrated into a
semantic field that remains consistent across viewpoints and over time.
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Formally, the hybrid map is represented by a sparse voxel set V = {v; }}/:1,

where each voxel v is associated with a set of Gaussian primitives G,. Let d
denote the semantic embedding dimension (e.g., d = 512 for CLIP). Each voxel
stores a fused semantic embedding F, € R%, an observation count c(v), an accu-
mulated semantic confidence w(v), and a 3D coordinate X, € R? in the global
reference frame. For each observed voxel, an incoming semantic embedding f,
with confidence w, is integrated as:

C(U)Fv + wy fo

F, +
c(v) + wy

(1)

Here, ¢(v) controls the contribution of the stored embedding based on the number
of prior observations, while w, weights the incoming embedding according to
its observation confidence. This mixed weighting scheme reduces the influence
of low-confidence observations on the accumulated embedding. After fusion, we
update ¢(v) + ¢(v)+1 and w(v) + w(v)+w,, where the accumulated confidence
w(v) is used for subsequent instance scoring. Given a language query ¢, we obtain
its normalized text embedding e(q) € R? and compute the voxel-level similarity
sq(v) = cos(e(q), Fy). This results in a dense semantic foundation that supports
query-conditioned object extraction and subsequent scene graph construction.

Reliability-Aware Semantic Modeling. Semantic fusion over long RGB-D
sequences naturally produces observations of varying reliability due to occlu-
sions, partial visibility, and semantic ambiguity. To capture this uncertainty,
OpenSplatGraph augments the semantic field with a per-voxel residual seman-
tic disagreement r(v). Together with the observation count ¢(v) and accumulated
confidence w(v), it forms the per-voxel statistics:

S = {(c(v),w(v),r(v)) [ v e V}. (2)

For each incoming observation, r(v) is updated using an exponential moving
average of the normalized cosine disagreement between the incoming and previ-
ously fused semantic embeddings, computed before semantic fusion. The residual
is initialized to zero, with a fixed decay factor used throughout the sequence.

Given a candidate object region represented by a voxel subset Vi, C V, we
define an instance confidence score C(Vy) € [0, 1] that favors well-observed and
semantically consistent regions:

C(Vy) = /\.tanh<ﬁ > “’ff)) + (1= ~Sat[o,11(1 ~ w2 T(”))’ (3)

vEVg vEVy

where A € (0, 1) controls the trade-off between observation strength and semantic
stability, £ > 0 is a normalization constant, and satjy ;j(z) = min(1, max(0, x)).
The confidence score is used solely for ranking and filtering candidate object
instances and requires no supervised calibration.
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Algorithm 1 Query-conditioned object extraction from voxel similarity scores.

Require: Query g; voxel embeddings F'; voxel coordinates X; voxel stats S; threshold
d; clustering params (7, kmin); top-K
Ensure: Query-conditioned instances {Oy} with voxel set Vi, centroid ux, AABB,
score Sk, confidence Cy
: e + EncodeText(q) > normalized text embedding
:forv=1toV do
s(v) « cos(e, Fy)
end for
M+—{v|sv)>d}
if M =0 then
return ()
: end if
: C + DBSCAN({ Xy }vem; 7, Kmin) > a set of clusters
10: for all cluster V. € C do
11: pr < mean{X, | v € Vg }
12: AABB; (minvevk Xy, Maxyey, XU)
13: Sk <+ mean{s(v) | v € Vi}

PSS TRNE

©

14: C}, < InstanceConfidence(Vy; S) > computed via Eq.
15: Ok «— (Vk,p,k,AABBk,Sk,Ck)
16: end for

17: {Ox} < RankAndSelect({Ox}, K)
18: return {O}

Query-conditioned Object Extraction. Given a language query g, we ex-
tract a set of object instances O, = {01, ..., Ok} from the voxel-level similarity
field s4(v). Each instance corresponds to a spatially coherent voxel cluster with
associated semantic and geometric attributes. We first threshold the similarity
field using my(v) = I[sq4(v) > 4] to obtain the corresponding voxel coordinates
X, = {X, | mg(v) = 1}. We then cluster X, in Euclidean space using DBSCAN
with neighborhood radius » and minimum number of points k. The radius is
set proportional to the voxel size to ensure scale consistency across maps.

For each resulting voxel cluster Vj, we compute its centroid g = ﬁ > vy Xovs
axis-aligned bounding box (AABB), instance score Sj as the mean voxel-level
similarity, and reliability-based confidence C (V) from Eq. (3). Candidate in-
stances are ranked by a weighted combination of Sy and C(Vy), prioritizing
semantic similarity and using cluster size as a tie-breaker. The top-ranked can-
didates are retained for subsequent processing. The complete extraction proce-
dure is summarized in Alg. [Il Importantly, object extraction is conditioned on
the language query, whereas the underlying semantic field remains persistent
and is incrementally updated during mapping.

3.2 Persistent 3D Scene Graph Construction

The persistent scene graph forms the reasoning layer of OpenSplatGraph, incre-
mentally accumulating object-centric knowledge extracted from the reliability-
aware semantic field. Rather than reconstructing a scene graph for every query,
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Algorithm 2 Persistent object association via label-aware centroid matching.

Require: New instances {O;} with label ¢; and centroid j;; previous instances {O;}
with identifier iaj, label éj, centroid fi;; distance threshold 7

Ensure: Assigned persistent IDs for all O;

1: Prev[l] < {O; | £; = ¢} > group previous instances by label
2: Mark all previous IDs as unused

3: for all new instance O; do

4 Candidates < {O; € Prev[(;] | id; unused, ||pi — fij]]2 < 7}

5: if Candidates # () then

6: J* < arg mino"j €Candidates HMZ — By H2
7
8

Oi.id — iaj*
Mark id;« as used
9: else
10: 0;.id <+ NewID()
11: end if
12: end for

13: return {O;}

confidence-ranked object instances are associated with existing graph nodes
whenever possible, enabling incremental updates to node attributes and inter-
object relations. The resulting graph provides a compact and interpretable rep-
resentation for structured reasoning while preserving the underlying dense se-
mantic field for perception. We represent the scene as a graph G = (N, £), where
nodes N define object instances and edges £ encode inter-object relations.

Object Association. To maintain persistent object identities during mapping,
OpenSplatGraph maintains a set of previously extracted object instances and
associates newly extracted objects with this set before updating the scene graph.

Let O = {OJ} denote the set of previously extracted object instances, each
associated with a persistent identifier (ID), semantic label, and centroid. For each
newly extracted instance O; with label ¢; and centroid pu;, candidate matches
are restricted to instances in O with the same semantic label. Among these
candidates, the nearest unmatched centroid within a distance threshold 7 is
selected. If a valid match is found, its persistent identifier is reused; otherwise, a
new identifier is assigned. This one-to-one association preserves object identities
across extraction steps and supports incremental graph updates. The complete
association procedure is summarized in Alg. [

Nodes. Each graph node N; € N represents an associated object instance O;
and stores its persistent identifier, semantic label, centroid, axis-aligned bound-
ing box (AABB), confidence score, and other geometric attributes. As new ob-
servations become available, node attributes are updated while preserving the
persistent identifier. Optionally, descriptive captions can be attached by selecting
informative object views and applying a lightweight vision-language captioning
model [7]. Since caption generation is decoupled from graph construction, it can
be performed asynchronously without affecting the online mapping pipeline.
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Edges. Edges encode spatial or semantic relationships between graph nodes.
We distinguish two complementary relation types: (i) online spatial relations
inferred directly from object geometry, and (ii) optional open-set semantic re-
lations inferred asynchronously using a VLM. This separation enables efficient
low-latency access to spatial relations for robot planning while allowing richer
semantic knowledge to be incorporated without interrupting online mapping.

1) Online Spatial Relations: Spatial relations are inferred online using simple ge-
ometric tests based on object centroids and AABBs. We consider relations such
as near (centroid distance below a threshold), on/under (sufficient horizontal
overlap with limited vertical separation), inside (bounding-box containment),
and relative ordering relations derived from centroid offsets in the global coordi-
nate frame. Each spatial relation is assigned a confidence score computed from
normalized geometric measures.

2) Open-set Semantic Relations: To capture relations that cannot be reliably
inferred from geometry alone, OpenSplatGraph optionally enriches the scene
graph using a VLM. This process is independent of object extraction and graph
construction, and is applied only to augment the graph with open-set semantic
relations. Specifically, we render a set of keyframes following [8] from the recon-
structed scene with persistent instance identifiers overlaid near visible objects,
and query the VLM to predict directed relation triplets (¢, r, j). Predictions from
individual keyframes are aggregated through multi-view voting. For each object
pair, edge confidence is computed as the ratio of positive relation predictions to
the number of keyframes in which both objects are co-visible. Relations with suf-
ficient multi-view support are retained, reducing viewpoint-dependent ambiguity
while improving the robustness of semantic relation prediction.

4 Experiments

We evaluate OpenSplatGraph from three complementary perspectives corre-
sponding to the proposed dual-representation architecture. First, we assess the
reliability-aware semantic field through open-vocabulary 3D semantic segmen-
tation (Sec. . Next, we evaluate the persistent scene graph on 3D object
grounding from relational natural language queries (Sec. . Finally, we demon-
strate the practical utility of the complete system on a mobile robotic platform
in real-world environments (Sec. . Ablation studies further examine the con-
tributions of individual components (Sec. [4.5).

4.1 Implementation Details

We summarize the key implementation details of the proposed framework. For
2D feature extraction, SAM [15] is used on benchmark datasets, while Mobile-
SAMv2 |36] is adopted for real-world robotic experiments to enable real-time
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Table 1: Quantitative comparison of 3D semantic segmentation on ScanNet and
Replica datasets. (Best and second-best results are highlighted in bold and underlined.)

Mode Method ScanNet Replica
ScanNet20 NYUv2-40 ScanNet20 NYUv2-40
mloU?t mAcct mIoUt mAcct FPST|mIoUtT mAcct mloUtT mAcct FPSt
LangSplat [23] 3.78 9.11 346 843 - 3.84 875 3.56 8.26 —
Offline OpenGaussian |33] 30.08 45.59 27.53 4217 - 25.63 36.24 23.45 31.59 -
InstanceGaussian |17| 40.32 55.78 36.88 52.91 - | 32.24 45.99 29.88 41.01 -
ConceptFusion [11] 12.80 22.62 11.72 20.93 0.52 | 13.05 29.89 11.51 27.66 0.49
Online OpenGS-Fusion |34] 27.09 39.62 24.69 35.95 1.22| 34.84 45.15 31.98 41.93 1.02
OpenSplatGraph (Ours)| 36.75 53.82 33.52 50.64 1.20 |35.37 47.67 32.87 42.85 1.02

operation. The resulting segmentation masks are then encoded using the Open-
CLIP ViT-B/16 model to obtain language-aligned semantic embeddings. For
query-conditioned object extraction, DBSCAN clustering is performed with ra-
dius r = [ - voxel_size, where voxel_size = 0.05m and § = 1.5. We set
kmin = 5 and discard clusters containing fewer than min_voxels = 10 voxels.
The semantic residual r(v) is updated with decay factor @ = 0.9. Reliability-
aware confidence estimation uses A = 0.6 and x = 5.0. Object association em-
ploys label-aware centroid matching with a distance threshold of 7 = 0.35m.
When open-set semantic relations are enabled, GPT-40-mini predicts relation
triplets, which are retained with at least three votes across up to 30 keyframes.

4.2 3D Semantic Segmentation

Settings. (i) Task: We evaluate the quality of the proposed reliability-aware
semantic field through open-vocabulary 3D semantic segmentation. Given a lan-
guage query, object instances are extracted from the dense semantic field and
compared against ground-truth semantic annotations. (i7) Baselines: We com-
pare our approach against recent 3D-GS-based open-vocabulary methods, in-
cluding LangSplat [23], OpenGaussian [33|, and InstanceGaussian [17]. In ad-
dition, point cloud-based methods, including ConceptFusion [11] and OpenGS-
Fusion [34], are compared to assess performance under online mapping settings.
For all baselines, we use the official hyperparameters or tune them on validation
scenes for fair comparison. (4i) Metrics: Experiments are conducted on Scan-
Net [4] and Replica 28] with ground-truth 3D semantic annotations. Perfor-
mance is reported using mloU and mAcc. Following common practice, Replica’s
88 semantic categories are remapped to the ScanNet20 [4] and NYUv2-40 [27]
label sets to ensure consistent evaluation.

Results. Table|[l| reports quantitative results for open-vocabulary 3D semantic
segmentation on ScanNet and Replica. Among the offline methods, Instance-
Gaussian achieves the best performance, benefiting from its bottom-up instance
aggregation strategy [17]. Although OpenSplatGraph is designed for online se-
mantic mapping rather than offline segmentation, it achieves competitive perfor-
mance with InstanceGaussian while consistently outperforming other Gaussian-
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Fig. 3: Qualitative results of 3D semantic segmentation on ScanNet and Replica
datasets.

based methods, including LangSplat and OpenGaussian. More importantly, un-
der the online setting, OpenSplatGraph consistently surpasses ConceptFusion
and OpenGS-Fusion on both mIoU and mAcc, demonstrating that the proposed
reliability-aware semantic field produces more accurate and geometrically coher-
ent object instances.

Figure [3] presents qualitative comparisons on both datasets. Compared with
prior methods, OpenSplatGraph produces more spatially coherent object in-
stances with better alignment to object boundaries, particularly for thin struc-
tures and partially observed objects such as “shelves”, “door”, and “blinds”. Mod-
eling observation reliability effectively suppresses fragmented and noisy predic-
tions. These qualitative observations are consistent with the quantitative results
and demonstrate that the proposed reliability-aware semantic field provides a
stronger foundation for persistent scene graph construction.

4.3 3D Object Grounding

Settings. (i) Task: We evaluate the persistent scene graph through 3D ob-
ject grounding under complex natural language queries. Following the Concept-
Graphs protocol , we consider three types of queries: a) descriptive (e.g., “a
pillow on top of the sofa”), b) affordance (e.g., “something to tell the time”),
and ¢) negation (e.g., “something to sit on other than a chair”). (i) Baselines:
We compare against ConceptGraphs , the only existing open-vocabulary 3D
scene graph method with a publicly available grounding benchmark and evalu-
ation protocol on Replica . We adopt its query set and protocol for direct
comparison, evaluating both CLIP retrieval based on query—embedding simi-
larity and LLM retrieval based on structured node descriptions. (iii) Metrics:
Performance is evaluated using the standard Recall@k (RQFE) metric follow-
ing the ConceptGraphs protocol.
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Table 2: Quantitative comparison of 3D object grounding on Replica across different
query types and retrieval strategies. (ConceptGraphs results are reported from )

CLIP Retrieval LLM Retrieval

Query Type | ConceptGraphs | OpenSplatGraph | ConceptGraphs | OpenSplatGraph
R@1 R@2 R@3|R@1 R@2 R@3|R@l R@2 R@3|RQ@l RQ@2 R@3
Descriptive | 0.59 0.82 0.86 | 0.45 0.82 0.92|0.61 0.64 0.64 | 0.50 0.59 0.69
Affordance 0.43 0.57 0.63 |0.54 0.61 0.79| 0.57 0.63 0.66 |0.61 0.71 0.75
Negation 0.26 0.60 0.71 |0.51 0.64 0.82| 0.80 0.89 0.97| 0.80 0.89 0.94

Reference view Closed set Open set

.

Fig. 4: Qualitative visualization of open-vocabulary 3D scene graph construction on
the Replica dataset. For visualization, asymmetric relations are displayed from nodes
with lower instance IDs to those with higher IDs.

Results. Table [2] reports quantitative results for 3D object grounding on the
Replica dataset across three query categories and two retrieval strategies. Over-
all, OpenSplatGraph achieves competitive grounding performance and consis-
tently improves Recall@k over ConceptGraphs in several retrieval settings. The
largest improvements are observed for the affordance and negation queries, which
require reasoning beyond direct semantic similarity. These gains demonstrate the
benefit of maintaining a persistent object-centric scene graph, where explicit ob-
ject identities and inter-object relations provide complementary information to
the underlying dense semantic field during language grounding.

Figure[d] visualizes representative scene graphs predicted by OpenSplatGraph
on two Replica scenes. For clarity, the 3D scene graphs are projected into 2D
graph visualizations from a reference viewpoint. The predicted object relation-
ships are spatially and semantically consistent with the underlying scene geome-
try. In addition, open-set relation prediction enables diverse semantic predicates,
such as “same object type”, that cannot be predefined by fixed relation vocab-
ularies, further enriching the scene graph for downstream reasoning. Additional
direct scene-graph evaluation is provided in the supplementary material.

4.4 Real-world Robotic Experiments

We evaluate the practical utility of OpenSplatGraph in a real-world indoor en-
vironment using a Stretch 3 (Hello Robot) mobile manipulator equipped with
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Mobile robotic
platform

Fig. 5: Real-world robotic navigation experiments with OpenSplatGraph. The frame-
work constructs an open-vocabulary semantic map online and supports language-
guided navigation in indoor environments. For each query, we visualize the rendered
target object from the reference view and from an additional arbitrary viewpoint.

an Intel RealSense D435i RGB-D camera and an arm with a gripper. During
exploration, the robot incrementally scans the environment to acquire RGB-
D observations while constructing an online Gaussian semantic map. Following
OpenGS-Fusion [34], camera poses are estimated using ORB-SLAM3 . The
proposed reliability-aware semantic field and persistent scene graph are then
built online from the fused semantic map to support language-guided robotic
perception.

To demonstrate the effectiveness of the proposed perception framework for
downstream robotics, we evaluate two representative tasks, as illustrated in Fig.[2]
and Fig. 5} In a navigation task, the robot receives abstract natural language
queries that may include semantic, relational, or functional descriptions. Using
the persistent scene graph, the queried object is grounded in the reconstructed
environment, after which the robot plans and executes navigation toward the
target location. In a manipulation task, the robot performs language-guided
pick-and-place by grounding an object query (e.g., “teddy bear”) within the per-
sistent scene graph, localizing the corresponding object in the dense semantic
map, and executing grasping and placement into a designated container. These
experiments illustrate that OpenSplatGraph provides a unified structured and
open-vocabulary perception backbone that supports closed-loop robotic naviga-
tion and manipulation in real-world environments. A demonstration video of the
complete real-world experiments is included in the supplementary material.

4.5 Ablation Study

Table 3] presents a progressive ablation of the proposed framework. Starting from
a baseline model, introducing reliability-aware semantic modeling significantly
improves segmentation performance, demonstrating that modeling observation
quality leads to more accurate and coherent object instances. Adding persis-
tent object identities does not affect segmentation metrics but improves ob-
ject grounding by enabling consistent object association across multiple queries.
In this setting, object grounding relies solely on semantic similarity without
exploiting relational information. Finally, incorporating scene graph reasoning
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Table 3: Progressive ablation of OpenSplatGraph components.

Configuration mloUT mAcctT RQ11
Baseline 30.97 4239 -
+ Reliability-aware semantic modeling 36.06 50.74 -
+ Persistent object association 36.06 50.74 0.36
+ Scene graph reasoning (Full) 36.06 50.74 0.50

yields the largest gain in relational grounding, highlighting the benefit of explicit
inter-object modeling. Overall, the full framework achieves the best performance
across all metrics, validating the effectiveness of the proposed design.

4.6 Limitations

While OpenSplatGraph enables persistent scene graph construction from an
online open-vocabulary semantic map, several limitations remain. First, object
extraction is query-conditioned, and the framework does not maintain a com-
plete query-independent object inventory. Instead, object instances are accumu-
lated incrementally as new queries are issued. Second, object association relies
on lightweight semantic and geometric cues, which may become less reliable
in highly cluttered scenes or under severe viewpoint changes. Finally, open-set
semantic relations are inferred using an external VLM, introducing additional
computational overhead and dependence on the model’s reasoning capability.
Addressing these limitations through more robust object association and query-
independent proposal mechanisms is a promising direction for future work.

5 Conclusion

We presented OpenSplatGraph, a unified framework that jointly maintains a
reliability-aware open-vocabulary semantic field and a persistent 3D scene graph
for online robotic perception. The proposed semantic field enables robust query-
conditioned object extraction from dense Gaussian-based maps, while the persis-
tent scene graph incrementally accumulates object-centric knowledge to support
structured relational reasoning. Extensive experiments on standard benchmarks
demonstrate competitive performance in open-vocabulary semantic segmenta-
tion and 3D object grounding, and real-world robotic experiments validate the
effectiveness of the proposed framework for language-guided navigation and ma-
nipulation. Future work will address the discussed limitations and explore inte-
gration with multi-step task planning in more complex environments.
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Supplementary Material

A Additional 3D Semantic Segmentation Results

We provide additional comparisons with GaussianGraph [30] and DynamicGSG 6]
for open-vocabulary 3D semantic segmentation on ScanNet and Replica. Table
reports the results alongside OpenSplatGraph. Compared with GaussianGraph,
OpenSplatGraph achieves higher mIoU on both datasets. DynamicGSG uses a
different class and evaluation mapping; therefore, its Replica results are included
for reference rather than direct comparison.

Table 4: Additional open-vocabulary 3D semantic segmentation results on ScanNet
and Replica. "DynamicGSG uses a different evaluation mapping.

Method ScanNet Replica
mloUt mAcct | mloUT mAcct
GaussianGraph [30] 31.09 48.91 | 31.18  49.14
DynamicGSG [6] - - 31.06"  54.04"
OpenSplatGraph (Ours) | 36.75 53.82 | 35.37  47.67

B Direct Scene-Graph Evaluation

To directly evaluate graph correctness and identity persistence, we compare
OpenSplatGraph with ConceptGraphs [7]. Following ConceptGraphs, we report
node precision for object instances, edge precision for predicted inter-object re-
lations, and duplicate-node rate to assess identity consistency across sequential
observations.

Table 5: Direct scene-graph evaluation against ConceptGraphs.

Method Node Prec.t Edge Prec.t Dup. Rate (%)J
ConceptGraphs |7] 0.71 0.88 6.77
OpenSplatGraph (Ours) 0.73 0.91 5.94

As shown in Table [5] OpenSplatGraph achieves higher node and edge preci-
sion while reducing the duplicate-node rate compared to ConceptGraphs. These
results complement the object grounding evaluation by directly assessing graph
correctness and identity consistency.
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