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Figure 1. Relational Language Gaussian Splatting. We build a platform with multi-hierarchical language Gaussian field and
open-vocabulary 3D scene graph, to support various tasks such as object selection via click, open vocabulary 3D object segmentation across
semantic granularity, spatial relationship reasoning between objects and querying object with relation-guidance.

Abstract

Achieving unified 3D perception and reasoning across
tasks such as segmentation, retrieval, and relation
understanding remains challenging, as existing methods
are either object-centric or rely on costly training for
inter-object reasoning. We present a novel framework that
constructs a hierarchical language-distilled Gaussian scene
and its 3D semantic scene graph without scene-specific
training. A Gaussian pruning mechanism refines
scene geometry, while a robust multi-view language
alignment strategy aggregates noisy 2D features into
accurate 3D object embeddings. On top of this
hierarchy, we build an open-vocabulary 3D scene
graph with Vision Language-derived annotations and
Graph Neural Network-based relational reasoning. Our
approach enables efficient and scalable open-vocabulary
3D reasoning by jointly modeling hierarchical semantics
and inter/intra-object relationships, validated across tasks
including open-vocabulary segmentation, scene graph
generation, and relation-guided retrieval. Project page:
https://dfki-av.github.io/ReLaGS/

1. Introduction
Radiance-field representations such as NeRF [29] and
Gaussian Splatting [15] have become core technologies
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for high-fidelity 3D reconstruction in VR/AR, robotics,
and digital twins. Despite their impressive geometric and
photometric accuracy, these representations lack meaningful
scene semantics and therefore cannot support high-level
reasoning. Recent language field distillation methods [8, 14,
16, 46, 51] address this gap by injecting vision–language
priors into 3D radiance fields, enabling them to encode
geometry, colors, and language embeddings distilled from
2D foundation models. This transforms purely geometric
radiance fields into open-vocabulary 3D feature fields that
can be queried directly in natural language, supporting
tasks such as open-vocabulary segmentation [32, 46],
language-guided navigation [4, 22], and scene editing [31,
40]. In such fields, users can issue queries such as “find the
wooden chair” or “highlight all green plants” to retrieve
semantically matched regions. However, despite these
capabilities, existing methods remain fundamentally limited
in semantic expressiveness. They fail in queries involving
spatial relations or object parts—such as “select the cup next
to the laptop” or “highlight the keyboard of the laptop”.
These systems often segment the entire laptop instead of
its keyboard or ignore spatial configurations altogether,
as they operate with a single semantic granularity and
without relational context. This reveals two key limitations
of existing works: they remain flat, with single-level
semantic abstraction and isolated, lacking inter-entity
relationships. They describe what objects exist but not
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how they relate, because their features remain confined
within individual entities. Furthermore, these approaches
lack a hierarchical organization of semantic abstraction,
missing both finer part-level cues and higher-level contextual
relationships essential for comprehensive and structured 3D
scene understanding.

To overcome these limitations, recent efforts aim to
embed relational context into radiance field [19, 41],
bridging toward 3D scene graph formulations.
RelationField [19] models relationships as ray pairs
connecting object instances, learning spatial and
functional dependencies between entities via multimodal
language priors, but its volumetric rendering pipeline
remains computationally heavy and memory intensive.
SplatTalk [36] converts language-distilled Gaussians
into semantic tokens for Large Language Model (LLM)
reasoning, but tokenization and LoRA [11] fine-tuning
remain costly and slow.

This puts us at a crossroads: we seek both multi-level
scene representations capturing full part–object–scene
hierarchy and relational 3D scene graphs that explain
how entities interact. Yet existing methods achieve
only one of these goals or rely on computationally
expensive optimization. We therefore pursue both
goals in a unified, optimization-free framework that
organizes 3D scenes into coherent semantic hierarchies
while also capturing their relational structure. To this
end, we introduce a training-free pipeline that first
constructs a language-grounded hierarchical Gaussian scene
representation and then builds an explicit open-vocabulary
3D scene graph on top of it. Rather than assigning language
and relation features to every Gaussian, we observe that
semantics naturally emerge at coarser spatial granularity,
while appearance details remain at the Gaussian level.
Following this intuition, we cluster Gaussians in a bottom-up
manner into sub-part, part, and object-level groups, regulated
by multi-level masks. While segmentation-based methods [7,
46] achieve strong geometric grouping, they weakly handle
language registration under inconsistent SAM masks and
noisy CLIP [33] features. We address this challenge
by introducing Maximum Weight Pruning and Robust
Outlier-Aware Feature Aggregation, which jointly refine
geometry and filter out unreliable language features, yielding
consistent per-object language embeddings across multiple
views and hierarchy levels.

On top of this hierarchy, we explicitly construct an
open-vocabulary 3D scene graph that links entities through
relational edges summarizing spatial and relationships.
Our design naturally extends to intra-object graphs when
finer-grained relational understanding is required. We
propose two complementary variants for scene graph
construction. The first lifts per-frame relational annotations
obtained from LLM with Set-of-Mark (SoM) prompting [49]

into 3D, providing high-quality but sparse relation edges.
The second employs a pretrained graph transformer to infer
relations directly from geometric and language features
without additional costs and ensuring scalability, as we
mainly evaluated in the experiments. Compared to
RelationField, which requires hours of training and renders
below 10 fps, our pipeline constructs a complete scene graph
in under 15 minutes and renders at over 200 fps. In summary,
our framework unifies hierarchical scene construction and
relational reasoning within 3D Gaussian fields, providing an
explicit, scalable, and training-free foundation for structured
3D understanding. Our main contributions are as follows:
• We propose the first unified language distillation

framework allowing for both hierarchical and relational
reasoning on one single Gaussian field.

• We introduce Maximum Weight Gaussian pruning and
robust outlier-aware feature aggregation methods, largely
improving the geometric and language registration
accuracy of the hierarchical Gaussian scene reconstruction
pipeline.

• We provide two solutions to build explicit open-vocabulary
3D scene graphs: lifting 2D LLM-based annotations
into 3D, and predicting relationships with a pretrained
lightweight graph neural network.

• We demonstrate that our design achieves structured,
open-vocabulary 3D scene understanding without
scene-specific training, efficiently combining geometry,
language, and relationships within a unified scene.

2. Related Work and Motivation
Language Field Distillation. Existing approaches for
embedding language semantics into 3D Gaussian or radiance
fields can be broadly categorized as training-based and
training-free. Training-based methods [16, 30, 34, 51]
incorporate vision–language supervision directly into the
rendering and optimization loop of the radiance field.
Although effective, per-scene training is inefficient in
time and resource, and remains highly sensitive to
view-inconsistent 2D features, making them impractical for
large-scale deployment. To improve scalability, training-free
and heuristic forward distillation methods [5, 14, 39, 47]
lift 2D feature maps into 3D Gaussians through weighted
or closed-form aggregation without gradient updates.
Occam’s LGS [5] formulates this as a MAP estimation
problem solvable in closed form. Dr.Splat [14] adopts a
similar scheme with top-k truncation for efficiency, and
VALA [39] introduces a visibility-aware gating mechanism
to suppress occluded contributions. Splat Feature Solver [47]
further interprets feature lifting as a sparse linear inverse
problem and proves that weighted aggregation methods [14,
21, 28] are bounded approximations to its least-squares
solution. THGS [7] stands out among these by extending
the grouping-then-registration strategy [24, 46] into a
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Figure 2. ReLaGS Overview. Given a reconstructed Gaussian scene, redundant primitives are first pruned to improve geometric accuracy.
Heuristic clustering under multi-level SAM supervision then forms a hierarchical scene structure, where each cluster is assigned a
CLIP-based language feature with outlier rejection. Finally, open-vocabulary inter- and intra-object scene graphs are obtained either by
lifting LLM-derived relations for semantic diversity or by using a pretrained graph network for efficient offline inference.

training-free paradigm. It hierarchically merges Gaussians
from superpoints to parts and objects, guided by multi-level
SAM masks, forming a nested and interpretable structure
that serves as the foundation for our scene construction.
3D Scene Graph [2, 38] is a structured graph representation
that links objects, their spatial relationships, and semantic
attributes in 3D scenes. Although many 3D scene graph
generation works [27, 38, 42, 44, 45] are limited by
closed-set semantic categories and highly rely on geometric
reasoning in pre-segmented point cloud, recent advances
have moved toward open-vocabulary 3D scene graph
generation [18, 43], which integrates vision language models
to associate 3D entities with rich semantics aligned to the
language. ConceptGraphs [10], GaussianGraph [41], and
RelationField [19] all aim to build open-vocabulary 3D
scene graphs by combining vision–language features with
geometry. ConceptGraphs depends on costly LLM inference
and outputs text-based graphs, GaussianGraph requires
scene-specific training and encodes relations implicitly
through geometric heuristics, and RelationField learns
relation fields via per-scene optimization, resulting in high
computational cost and limited explicitness.

Our Motivation is to efficiently construct an explicit
open-vocabulary 3D scene graph that connects the
hierarchical Gaussian language field for structured causal
reasoning in 3D. To ensure efficiency and explicitness, we
adopt a training-free forward distillation framework [7]
and employ a lightweight pretrained graph network
to predict open-vocabulary relation embeddings from
object language features and spatial cues. Alternatively,
object-ID maps rendered from hierarchical scenes can
be paired with SoM-prompted multimodal LLMs to
annotate 2D relations, which are then lifted into 3D.
Thus, inter-object relationships are represented explicitly
as object–predicate–subject triplets, where both nodes
and edges are discrete, language-grounded entities within
the Gaussian scene. Because scene graph construction
depends on accurate object segmentation and language

registration, we further improve modules to ensure reliable
relationship prediction. The hierarchical organization
dictates how relationships are modeled across abstraction
levels: inter-object graphs capture global spatial and
functional relations, while intra-object graphs describe
fine-grained part structures within each entity. Relations
between parts of different objects (e.g., a door handle
and a table leg) are generally meaningless and are instead
summarized by their parent objects (e.g., table next to
door), ensuring coherent and interpretable scene graphs.
This hierarchical separation not only preserves clarity
but also supports causal reasoning across levels—linking
local part composition to global spatial context—thereby
enabling structured understanding of how entities and their
interactions collectively form a 3D scene.

3. Approach

Our method, ReLaGS, unifies hierarchical scene
representation and relational reasoning within a single
framework without scene-specific training. As illustrated in
Fig. 2, given a reconstructed 3D Gaussian field, ReLaGS first
constructs a multi-hierarchy representation that organizes
the scene into nested levels of semantic abstraction, from
fine-grained parts to complete objects. This hierarchical
structure provides a compact and interpretable foundation
for reasoning, language registration, and relationship
prediction. We then explicitly build 3D scene graphs whose
nodes correspond to hierarchical entities and whose edges
encode semantic relations, either lifted from large language
models or predicted by a pretrained graph neural network.
We next formalize each stage of this pipeline, beginning
with the hierarchical Gaussian representation.

3.1. Multi-Hierarchy Gaussian Representation

Let G = {Gi}Ni=1 denote the set of 3D Gaussian primitives,
each encoding spatial and radiance attributes. We define a



hierarchical representation with L abstraction levels:

S(1), . . . ,S(L), S(l) = {S(l)
k }

Ml

k=1, k ∈ {1, . . . ,Ml}
(1)

where S(l) is the set of clusters at level l and Ml is the
number of clusters at that level. Each Gaussian Gi is
assigned to exactly one cluster at each level, and the clusters
form a nested hierarchy:

∀S(l−1)
k ∈ S(l−1), S

(l−1)
k ⊆ S(l)

mk
, S(l)

mk
∈ S(l). (2)

Each cluster S(l)
k represents a semantic entity at level l. For

instance in Fig. 2 S
(3)
mk correspond to a complete object

(e.g., a ramen), while lower levels such as S
(2)
k capture

finer-grained parts (e.g., the eggs as its ingredient). Each
cluster carries an embedding f

(l)
k ∈ Rd, which encodes

its language-aligned semantics. This induces a semantic
hierarchy, G → S(1) → · · · → S(L), where higher
levels represent coarse semantic granularity.
Rasterization and 2D-3D Tracing. To support tasks such as
multi-hierarchy instance segmentation via point prompts on
rendered images and lifting 2D scene graph annotations into
3D (see Sec. 3.3), we establish a consistent pixel-to-Gaussian
correspondence through rasterization. The color C of each
pixel (u, v) is obtained by volumetric α-blending along its
viewing ray:

C(u,v) =

N∑
i=1

ci αi Ti, Ti =
∏
j<i

(1− αj), (3)

where ci and αi denote the color and opacity of Gaussian
Gi, and Ti represents the accumulated transmittance of
all preceding Gaussians along the ray. We compute the
contribution weight wi = αiTi for each Gaussian and define
the dominant Gaussian for pixel (u, v) as:

G*
(u,v) = argmax

i
wi. (4)

This dominant Gaussian provides a reliable 2D-3D
correspondence, which naturally extends to map a pixel to
cluster G*

(u,v) ∈ S
(l)
k .

3.2. Improving Construction and Language Lifting
of Hierarchical Scene

To construct the multi-hierarchy scene representation
described in Sec. 3.1, we adopt THGS [7], which organizes
the Gaussian field without gradient-based optimization.
The generated field G is partitioned into geometrically
coherent superpoints via Cut Pursuit [20] and progressively
merged into higher-level clusters S(1),S(2), . . . ,S(L)

by balancing intra-cluster compactness and inter-cluster
boundary saliency, guided by SAM mask priors [17]. Further
details can be found in THGS [7]—Secs. 3.2–3.4.

Since accurate segmentation and language feature
of objects are both critical for scene graph prediction
and reconstruction, we augment THGS with two novel
complementary steps that enhance the multi-hierarchy scene
representation by refining both geometric and semantic
quality, yielding more accurate object–part boundaries and
improved language-aligned object representations. First,
Maximum Weight Pruning (MWP) eliminates Gaussians
with negligible visual impact across all training views,
ensuring that only geometrically relevant components
are retained. Second, Robust Outlier-Aware Feature
Aggregation (ROFA) enhances the reliability of object-level
semantics by filtering inconsistent CLIP features before
aggregation. Together, these steps yield a compact yet
semantically consistent representation that serves as a strong
foundation for downstream reasoning tasks.
Maximum Weight Pruning. While THGS constructs
its hierarchy directly from the raw Gaussian field, we
observe that the unfiltered representation often contains
numerous floaters—Gaussians that contribute negligibly to
the rendered views. These floaters, typically found near
object boundaries or in occluded regions, introduce spurious
pixel-aligned language features and lead to fragmented
or noisy object-level clusters. Such artifacts become
increasingly detrimental in multi-level hierarchical grouping,
where boundary precision is crucial for maintaining semantic
consistency across abstraction levels (see Fig. 3 (a)). To
address this limitation, we introduce a maximum weight
pruning strategy that removes inconsistent or redundant
Gaussians prior to hierarchical construction, thereby
improving boundary integrity and the overall stability of
the semantic hierarchy.

Building on Eq. 4, we compute the maximum contribution
of each Gaussian across all camera views as:

ωmax
i = max

c∈C,p∈Pc

w
(c)
i,p , (5)

where w
(c)
i,p denotes the contribution weight of Gaussian i

for pixel p in camera view c. Here, C represents the set of
training camera views, and Pc denotes the set of pixels in
camera view c. Gaussians whose maximum contribution
weights falls below a small threshold τcontrib are pruned
from the scene:

G′ = {Gi ∈ G | ωmax
i > τcontrib }. (6)

This filtering step removes geometrically inconsistent or
redundant Gaussians arising from occlusion or low opacity
regions, while preserving the overall rendering quality. As
demonstrated in our ablation study (Sec. 4.4), the proposed
pruning substantially improves geometric consistency and
enhances the reliability of subsequent object-level clustering.
Robust Outlier-Aware Feature Aggregation. Multi-view
language registration often suffers from inconsistent CLIP
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Figure 3. Illustration of proposed two improvement methods for hierarchical scene construction and two example scene graphs. (a): Low
contribution Gaussian points (red) are removed to improve scene geometry. (b): Outlier features (e.g., due to occluded or inconsistent
masks) are filtered before aggregation, producing a more coherent and consistent embedding for the target. (c): The spatial relationships are
predicted by our GNN. (d): The more semantic-enriched relationship lifted with LLM, the root object is marked as -1.

features caused by erroneous SAM masks or extreme
viewpoints. Directly averaging features across views, as
done in THGS makes the object embedding sensitive to
these outliers (see Fig.3 (b). Given an object visible in
Cobj views with corresponding CLIP features {fi}

|Cobj |
i=1 , we

first measure the semantic consistency of each feature by
computing its mean cosine similarity to all others:

si =
1

|Cobj | − 1

∑
j ̸=i

fi · fj
∥fi∥∥fj∥

. (7)

We then perform Z-score normalization over the similarity
scores:

zi =
si − µs

σs
, (8)

where µs and σs denote the mean and standard deviation
of {si}. Features with zi < −τlang are treated
as low-similarity outliers and removed. Here, τlang
is a Z-score threshold that controls the sensitivity of
outlier detection. The final object-level embedding is
obtained by averaging the remaining filtered features.
Our Robust Outlier-Aware Feature Aggregation (ROFA)
suppresses multi-view inconsistencies and yields more
reliable language-aligned object representations. As shown
in our ablation study (Sec. 4.4), this filtering leads to more
stable and semantically consistent object embeddings.

3.3. Relation Lifting and Prediction
Our hierarchical Gaussian scene enables explicit 3D scene
graphs at different abstraction levels, as illustrated in
Fig. 3 (c) and (d), a novel capability that brings structured,
interpretable, and multi-level reasoning to Gaussian fields.
At the top level L (object level), we define an inter-object
graph capturing semantic relationship:

H(L)
3D = (V(L)

obj , E
(L)
inter, F

(L)
V , F

(L)
E ), (9)

where V(L)
obj and E(L)

inter denote object nodes and their pairwise

relations, with corresponding node and edge features F (L)
V

and F
(L)
E . Each node v

(L)
k inherits its language-aligned

feature f
(L)
k , while each edge (vi, vj) ∈ E(L)

inter carries a
relation embedding r

(L)
ij encoded by Jina [35]. At lower

hierarchy levels l < L, we form intra-object graphs to
describe relationships among parts within the same object:

H(l)
3D,intra = (V(l)

part, E
(l)
intra, F

(l)
V , F

(l)
E ),

E(l)intra = {(vi, vj) | vi, vj ∈ S(L)
m },

(10)

where S
(L)
m is the Gaussian cluster of object m. The

inter-object graph H(L)
3D captures global scene relations,

while the intra-object graphs H(l)
3D,intra encode local part

composition and affordance structure. We next describe how
both relation types can be either lifted using LLM-based
annotation or predicted using pretrained GNN reasoning.
3D Consistent Relation Lifting from LLM Annotation.
To obtain open-vocabulary relational annotations, we follow
the SoM–LLM paradigm also used in RelationField [19],
but differ in how 2D object masks are acquired. In [19],
per-frame instance masks is generated with SAM [17], which
often suffer from view inconsistency and mixed semantic
granularity. In contrast, we leverage our hierarchical
Gaussian scene and Eq. 4 to render per-view Gaussian ID
maps, trace them to their corresponding clusters, and thus
obtain view-consistent cluster ID maps. Each cluster mask is
then overlaid with numeric marks with the SoM prompting
strategy [49], enabling a MLLM such as GPT-4V to infer
relationships between the marked object pairs. For every
pair of objects, the LLM outputs textual predicates ⟨s, p, o⟩
(subject, predicate, and object) as 2D relational annotations.
Because each mask corresponds to a 3D-consistent cluster
ID, lifting these annotations into 3D is straightforward: we
iterate over all annotated relations and assign them to the
corresponding cluster pairs. After processing all frames,
we pick the top-kp frequent predicates of an edge from all
gathered predicates, encode the texts using Jina [35] and
average to form the lifted relational embedding fij .



Relation Prediction with GNN. As explained in Sec. 1,
the lifted 3D scene graph has limited coverage of all
plausible relationship in the scene. On the other hand,
the latent space of open vocabulary spatial relationships
is less diverse than the latent space describing the texture,
shape, material and use of objects. This motivates us to
distill the open vocabulary relationship reasoning into a light
weight pretrained GNN. We first construct a neighboring
graphH′ by connecting object nodes within a fixed distance
threshold. On top of this graph, we use the residual graph
neural network Fθ to predict relation embeddings:

f̂ij = f ′ij + Fθ(f
src
v , f dst

v , f ′ij), (11)

where f src
v and f dst

v denote the language–geometry fused
node embeddings of the source and destination objects
(see Appendix 6 for more details). The network outputs
open-vocabulary edge features f̂ij ∈ Rdr with the same
embedding space as Jina-Embedding-V3, enabling direct
cosine-similarity comparison with textual predicates. We
pretrain Fθ on the 3RScan dataset [37] following the setup
of Open3DSG [18], using a contrastive learning objective
between predicted and ground-truth relation embeddings to
align features across modalities. Because the modality gap
between language-lifted Gaussians and point-cloud–image
features is small, the pretrained model generalizes well to our
Gaussian domain and can be applied directly for inference
without fine-tuning, as shown in Sec. 4.2.

3.4. Applications: Hierarchical and Relational
Reasoning in 3D

Our hierarchical scene representation and explicit 3D scene
graph jointly enable structured reasoning within Gaussian
fields. The hierarchy supports compositional reasoning by
capturing how parts form objects (additional analysis of
hierarchical queries at object and part levels is provided in
Appendix 8), while the scene graph facilitates relational
reasoning by modeling how objects interact. To the best of
our knowledge, we are the first to unify these two forms
of reasoning within Gaussian fields, providing a causal
understanding of the scene that links “what exists,” “how
it is composed,” and “how it relates to each other.” We
demonstrate this capability through multi-hierarchy querying
and triplet-based relational querying.
Language-based multi-hierarchy querying. In practical
situations involving natural language, people may describe
either an entire object (“ramen”) or one of its parts
(“noodle”), and may also refer to multiple similar instances
simultaneously. To handle these ambiguities, our goal is
twofold: (1) automatically determine whether the query
best matches a root-level object or a finer leaf-level cluster,
and (2) identify all relevant matches when multiple clusters
exhibit comparable similarity. We design a tree-searching
method to solve the querying problem analytically, following

a simple intuition: a text referring to the sub-object part
(leaf cluster) has higher similarity to the leaf language
feature than the root. We compute the cosine similarity
of the CLIP embedding of a text query t with per-cluster
features f

(l)
k across hierarchy levels. Unlike the flat top-k

retrieval in [7, 13], we search over the nested cluster structure
S(1:L) to adaptively match query granularity. Starting from
root-level candidates, the search descends to child clusters
whenever they exhibit higher similarity, distinguishing
whether the query refers to a whole object or one of its
parts. We further detect the largest drop in the similarity
curve to automatically select multiple valid matches when
present. The resulting union of Gaussians forms an adaptive
segmentation mask that unifies coarse object localization and
fine part-level discovery within a single query, see Algm. 1
in Appendix.
Language-Triplet querying on 3D Scene Graph. Beyond
single-entity segmentation, we extend our querying
framework to handle relationship-based queries of the
form ⟨s, p, o⟩. Given such a query, our goal is to
retrieve the 3D Gaussians corresponding to the subject
entities that satisfy the specified relationship with the
object. To achieve this, we operate on the 3D scene graph
constructed atop our multi-hierarchical scene representation.
The search for potential subjects and objects follows the
same multi-hierarchy querying procedure described above,
ensuring that both fine-grained clusters and high-level
object groups are considered as valid candidates. After
identifying candidate subject–object pairs, we evaluate
their relationships by comparing the corresponding edge
embeddings to the predicate embedding from the query.
Each valid pair is then ranked using three complementary
similarity measures: (1) subject–text alignment, (2)
object–text alignment, and (3) predicate–relation alignment
in the Jina embedding space. The Gaussians associated with
the highest-ranked subject candidates are finally returned as
the 3D regions most consistent with the queried relationship.

4. Experiments
In this section, we evaluate our method from two aspects:
first, 3D scene graphs including its prediction in Sec. 4.1
and the extended application, relationship-guided 3D object
segmentation using the scene graph in Sec. 4.2, and second,
the open vocabulary object segmentation and 3D semantic
segmentation in Sec. 4.3. The best and second-best results
of all experiments are marked in green and blue, respectively.
We also provide ablation studies on our proposed different
modules in Sec. 4.4. Implementation details are given in
Appendix 7.

4.1. 3D Scene Graph Prediction
We evaluate our method on the RIO10 subset of 3DSSG [37]
for 3D scene graph prediction. This dataset provides



semantic 3D scene graphs for pre-segmented 3D point clouds
with 160 object classes and 27 relationship categories. We
compare against recent open-vocabulary 3D scene graph
approaches, including Open3DSG [18], which operates
directly on pre-segmented point clouds, ConceptGraph [10],
which incrementally reconstructs scenes and scene graphs
from RGB-D sequences, and RelationField [19]. We
group them into scene-specific and scene-agnostic methods
in Tab. 1, the same in Sec. 4.2. Quantitative results
are reported with Recall@K for object, and relationship
prediction following the protocols of [26, 48]. Despite
ground-truth annotation in [37] exhibits uneven semantic
granularity across scenes (e.g., carpets are merged with
floors, while doors and door frames labeled separately) and
sometime misaligned with our hierarchical representation,
our method with GNN still achieves better Recall on
relationship prediction than others, with an improvement
of 0.3 R@3 and 0.5 R@5 over RelationField, and exhibits
only a 0.1 worse object Recall. VLM-based method with 2D
images as input performs poorly, due to the lack of spatial
reasoning capability. Our method is also 4.7× faster and
7.6× more memory efficient than RelationField, see Tab. 7.
Table 1. Results of 3D scene graph prediction on 3DSSG [37].
“Scene agnostic” denotes methods without per-scene training.

Method Object Predicate Scene
agno.R@5 R@10 R@3 R@5

ConceptGraphs [10] 0.37 0.46 0.74 0.79 %

RelationField [19] 0.69 0.80 0.76 0.82 %

Ours (VLM) 0.68 0.79 0.10 0.35 %

Open3DSG [18] 0.56 0.61 0.58 0.65 ✓
Ours (pred.) 0.68 0.79 0.79 0.87 ✓

4.2. Evaluation on Open Vocabulary Instance
Segmentation with Relationship Guidance

We evaluate our method on ScanNet++ [50] dataset with the
benchmark provided by RelationField [19]. The task aims to
segment the subject entity in 3D given an open-vocabulary
relationship query represented as a triplet ⟨s, p, o⟩. We
disable both densification and our pruning as suggested in
OpenGaussian [46], to guarantee bijection between points in
the ground truth point cloud and our Gaussian scene. So that
we can compute 3D mean-IoU between segmented object in
Gaussian scene and the ground truth point cloud.

Among all language field distillation methods [8, 16,
19, 30] we compared, only RelationField [19] and our
approach are using scene graph for relationship-based
queries searching. Other methods are given a single
query concatenated from the triplet text. We use
predicted 3D inter-object scene graph from our GNN, to
investigate the cross-dataset generalization of our trained
network. As shown in Tab. 2, our method achieves the
highest performance among all approaches, surpassing both
training-based and training-free baselines. In particular, our
approach attains an mIoU of 0.56, outperforming the closest

"refrigerator"
"post cards"
"pot hanging on the pegboard"

"ramen"
"kamaboko"
"sake cup next to the bottle"

THGS

Ours

THGS

Ours

Figure 4. Qualitative results of open vocabulary object
segmentation. We show results on LERF dataset for segmentation
mask on 2D view. With multi-hierarchy querying search and
3D scene graph for relation guidance, our method shows strong
improvement against THGS.

training-based competitor RelationField (0.53), despite
requiring no additional training or LLM annotations. This
improvement is attributed to our multi-hierarchical scene
representation and graph-based relational reasoning,
which together enable effective inference of spatial
relationships purely from the 3D structure (see Fig. 4).
Removing the multi-hierarchy (w/o MH) degrades
performance, underscoring the role of hierarchical search in
resolving complex spatial relationships.

Table 2. Relationship-Guided 3D Instance Segmentation on
ScanNet++ [50]. Our method achieves the highest mean IoU, even
operating only on single hierarchy (w/o MH).

Method mIoU Scene agno.

Lerf [16] 0.25 %

OpenNeRF [8] 0.45 %

LangSplat [30] 0.49 %

RelationField [19] 0.53 %

THGS [7] 0.29 ✓
Ours w/o MH 0.54 ✓
Ours 0.56 ✓

4.3. Open Vocabulary Object Querying
We evaluate our approach on two open-vocabulary
segmentation benchmarks: LeRF-OVS [16] for object
segmentation and ScanNet [6] for semantic segmentation.
Tab. 3 and 4 report quantitative comparisons against
recent methods, with training-free method specified (T-F).
Our method achieves state-of-the-art performance on both
datasets, outperforming both training-based and training-free
approaches. On LeRF-OVS, we further analyze performance
on hierarchical queries by separating object-level and
part-level queries; detailed results are reported in Appendix
8. The most notable gains are observed in the Figurines
and Teatime scenes, where the proposed feature aggregation
and geometry refinement yield stronger semantic alignment



under cluttered and occluded setups. We also provide
qualitative results in Fig. 4. On ScanNet, our method
achieves a slight improvement over This moderate gain
is mainly attributed to the experiment setup, in which
computing 3D-mIoU requires fixed Gaussian primitives
number thus excluding our Maximum Weight Pruning
component. Detailed analysis using a revised evaluation
protocol, including densified Gaussian reconstruction and
nearest-point assignment, is provided in Appendix 9.

Table 3. Open-vocabulary segmentation on LERF-OVS [16].
Our method achieves the highest mean IoU among both training
and training-free approaches.

Method LERF-OVS mIoU (%) Mean T-F
Fig. Ramen Teatime Waldo

LangSplatV2 [23] 56.4 51.4 72.2 59.1 59.9 %

LAGA [3] 64.1 55.6 70.9 65.6 64.0 %

THGS [7] 57.3 43.5 68.3 50.7 54.9 ✓
Occam’s [5] 58.6 51.0 70.2 65.3 61.3 ✓
VALA [39] 59.9 51.5 70.2 65.1 61.7 ✓
Ours 64.7 51.2 81.0 60.6 64.4 ✓

Table 4. Open-vocabulary semantic segmentation on
ScanNet [6]. Our method achieves the highest mean performance
among both training and training-free approaches on 15 and 10
classes subset.

Methods 19 cls 15 cls 10 cls T-F
mIoU mAcc mIoU mAcc mIoU mAcc

LangSplat [30] 3.78 9.11 5.35 13.20 8.40 22.06 %

OpenGau. [46] 24.73 41.54 30.13 48.25 38.29 55.19 %

LAGA [3] 32.50 49.10 35.50 53.50 42.60 63.20 %

THGS [7] 34.39 50.74 39.61 57.07 46.38 64.74 ✓
Occam’s [5] 31.93 48.93 34.25 53.71 45.16 64.39 ✓
VALA [39] 32.11 50.05 35.10 54.77 46.21 65.61 ✓
Ours 32.35 44.52 40.04 60.59 47.17 66.08 ✓

4.4. Ablation Study
We evaluate the impact of our proposed components on
open-vocabulary 2D segmentation (Tab. 5). Maximum
Weight Pruning yields the largest improvement, underscoring
the importance of refining the scene geometry by removing
low-contribution Gaussians that otherwise introduce
structural noise. Robust Outlier-Aware Feature Aggregation
provides additional gains by filtering inconsistent language
features across views, improving the semantic coherence
of the aggregated embeddings. Notably, its effect is
most pronounced on the Figurines and Ramen scenes of
LeRF-OVS, where dense object arrangements and frequent
occlusions (and, in Ramen, the presence of transparent
surfaces) tend to corrupt the averaged semantic features.

To further analyze the sensitivity of the outlier detection
threshold τlang, we report results for varying values in
Tab. 6. The IoU initially increases with larger τlang as
more consistent features are retained, but declines once the
threshold becomes too permissive and introduces noise.

A runtime and memory consumption analysis is given in
Tab. 7, in which we decompose the resource usage of our
method in three stages, showing that our method can lift
structure semantic representation to a Gaussian scene with
less than 25% memory overhead. More ablation studies are
given in the appendix about the graph neural network design,
the pruning’s effect on rendering quality, and the effect of
our pruning and language lifting method on the final scene
graph prediction.

Table 5. Ablation on LeRF-OVS dataset for open-vocabulary
segmentation. M. is Maximum Weight Pruning and R. is Robust
Outlier-Aware Feature Aggregation .

Variant Figurines Ramen Teatime Kitchen Mean

Base 52.05 47.19 76.77 47.5 55.88
Base+M. 59.16 47.41 80.98 60.59 62.04
Base+M.+R.(Full) 64.69 51.15 80.98 60.6 64.36

Table 6. Ablation on different values of τlang on LeRF-OVS.

τlang Figurines Ramen Teatime Waldo Kitchen Mean

1 61.85 43.3 76.02 63.37 60.78
2 63.39 51.07 73.8 60.62 62.22
3 64.69 51.15 80.98 60.60 64.36
4 63.3 47.4 80.98 60.60 63.07

Table 7. Runtime and resource comparison against
RelationField [19] on 3DSSG scenes. Our method is 4.7× faster
and 7.6× more memory efficient and a maximum of 7.5GB of GPU
memory.

Method Time (min) / Storage (MB) / GPU Memory (GB)
Scene Rec. Language Distill. Scene Graph Overall

RF [19] 60/500/32 (inseparable) 60/500/32
Ours 11/52.2/3.2 1.5/10.6/7.5 0.1/2.2/3.0 12.6/65/7.5

5. Conclusion
We introduced ReLaGS, the first framework to unify
multi-hierarchical 3D Gaussian fields and open-vocabulary
3D scene graphs within a single language-grounded
representation. Through Maximum Weight Pruning and
Robust Outlier-Aware Feature Aggregation, ReLaGS
improves geometric fidelity, multi-view language
registration, and the overall robustness of the scene
representation. Building upon this unified scene
representation, our explicit scene graph formulation
enables scalable, training-free relational reasoning at far
lower computational and memory costs than prior methods.
ReLaGS achieves state-of-the-art performance across
open-vocabulary segmentation, 3D scene graph prediction,
and relationship-guided object segmentation, advancing
open-vocabulary 3D understanding and paving the way for
causal and compositional reasoning in complex real-world
scenes. We hope our framework enables the community to
efficiently generate large-scale, semantically enriched 3D
radiance fields at low computational and resource cost.
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