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Abstract

Recently, large language models (LLMs) have been ex-
plored widely for 3D scene understanding. Among them,
training-free approaches are gaining attention for their flex-
ibility and generalization over training-based methods. How-
ever, they typically struggle with accuracy and efficiency
in practical deployment. To address the problems, we pro-
pose Sparse3DPR, a novel training-free framework for open-
ended scene understanding, which leverages the reasoning
capabilities of pre-trained LLMs and requires only sparse-
view RGB inputs. Specifically, we introduce a hierarchi-
cal plane-enhanced scene graph that supports open vocab-
ulary and adopts dominant planar structures as spatial an-
chors, which enables clearer reasoning chains and more re-
liable high-level inferences. Furthermore, we design a task-
adaptive subgraph extraction method to filter query-irrelevant
information dynamically, reducing contextual noise and im-
proving 3D scene reasoning efficiency and accuracy. Exper-
imental results demonstrate the superiority of Sparse3DPR,
which achieves a 28.7% EM @1 improvement and a 78.2%
speedup compared with ConceptGraphs on the Space3D-
Bench. Moreover, Sparse3DPR obtains comparable perfor-
mance to training-based methods on ScanQA, with additional
real-world experiments confirming its robustness and gener-
alization capability.

Extended version — http://arxiv.org/abs/2511.07813

Introduction

Three-dimensional (3D) scene understanding is essential for
embodied artificial intelligence, as it enables robots to un-
derstand, reason about, and execute natural language in-
structions within complex physical environments (Zhi et al.
2025). With the rapid advances of large language models
(LLMs) (Liu et al. 2023; Achiam et al. 2023), particularly
their strong capabilities in communication, commonsense
reasoning, and open-world knowledge integration, have mo-
tivated LLM-based solutions for 3D scene understanding.
Existing approaches can be broadly classified into training-
based and training-free methods. Training-based methods
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Figure 1: Comparison of 3D scene understanding meth-
ods. Unlike existing methods requiring dense 3D inputs or
training, Sparse3DPR leverages sparse RGB views to con-
struct a hierarchical plane-enhanced scene graph (HPSG)
and performs task-adaptive subgraph extraction for efficient
LLM-based scene understanding.

(Fu et al. 2024; Hong et al. 2023; Wang et al. 2023) align
3D geometric or visual features with text features through
specialized training, require complex architectures and incur
high computational costs. Differently, training-free methods
(Gu et al. 2024; Chandhok 2024) build explicit structured
representations such as scene graphs (SGs) that encode ob-
jects and spatial relations, then convert SGs into textual con-
text for the LLM, thereby leveraging its powerful zero-shot
reasoning capability while eliminating training cost.
Despite eliminating 3D-specific training, training-free
methods still struggle with reasoning accuracy and compu-
tational efficiency in practical deployment. The first bottle-
neck is the quality and structural organization of 3D scene
representations, which serve as the primary contextual in-
put to LLMs and significantly impact reasoning reliability.
Current SGs for LLM reasoning fall into two categories: flat
SGs, such as ConceptGraphs (Gu et al. 2024), which encode
all objects and pairwise relations in a single layer, lacking a
hierarchy to organize their massive number of nodes, leading
to redundant and token-inefficient inputs. Hierarchical SGs,
like TB-HSU (Xu et al. 2025), group objects by their func-
tionality. While offering more structure, their hierarchy dis-
rupts the scene’s natural spatial proximity, breaking physi-



cal coherence and introducing reasoning ambiguity. Another
critical issue is the contextualization method for reasoning.
The approach in prior work, such as SceneGPT (Chandhok
2024), adopts a static, non-adaptive approach that converts
the entire unfiltered scene representation into a single con-
text for each query. This approach increases computational
cost and degrades reasoning accuracy, as task-relevant de-
tails are easily obscured by irrelevant information.

To address the challenges, we propose Sparse3DPR, a
novel training-free framework for 3D scene understanding
from sparse-view RGB inputs, as illustrated in Figure 1.
Inspired by human cognitive mechanisms for organizing
scenes (Epstein and Kanwisher 1998), Sparse3DPR con-
structs a hierarchical plane-enhanced scene graph (HPSG)
with a geometrically grounded hierarchy anchored by domi-
nant planes (e.g., walls, floors, ceilings), achieving structural
efficiency and spatial coherence to overcome the limitations
of prior SGs. Semantically, it leverages pretrained vision-
language models (VLMs) to enrich fine-grained objects with
rich concepts, thereby enabling open-vocabulary capabili-
ties. Furthermore, to effectively leverage this rich and effec-
tive representation for LLM-based reasoning, we introduce
a task-adaptive subgraph extraction method. It mimics hu-
man selective attention by dynamically retrieving only the
query-relevant parts of the HPSG. This reduces contextual
noise and enables more accurate and efficient task-specific
reasoning. To validate the effectiveness of Sparse3DPR, we
evaluate it on 3D question answering (QA), a representative
task that assesses its unified ability to comprehend language,
perceive semantics, and reason about complex spatial rela-
tionships within 3D scenes. We further report the average
inference time per query as a metric of reasoning efficiency.

The primary contributions of Sparse3DPR are succinctly
summarized as follows:

* We design a hierarchical plane-enhanced scene graph
that incorporates dominant planar structures as the spa-
tial anchors, which provides a more human-intuitive
representation, achieves 6.7%/13.8% EM@1 improve-
ment and 13.0%/7.8% faster than flat scene graphs (Gu
et al. 2024) and affordance-based hierarchical scene
graphs (Xu et al. 2025) on the 3D QA task.

* We propose a novel task-adaptive subgraph extraction
method that dynamically prunes the full scene graph to
generate a query-relevant subgraph, which provides the
LLM with a focused, noise-free context, thereby enhanc-
ing 3D scene reasoning speed and accuracy.

* By integrating the above innovations, we present a
training-free scene understanding framework that re-
quires sparse-view RGB images solely. Our method
achieves an improvement of 28.7% EM@1 and a
speedup of 78.2% compared to ConceptGraphs, while
demonstrating competitive performance on public bench-
marks and generalizability in real-world scenes.

Related Work
3D Scene Representations for LLM Reasoning

Recent works using dense 3D representations (e.g., CLIP-
based (Radford et al. 2021; Peng et al. 2023; Mohiuddin
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et al. 2024; Jatavallabhula et al. 2023; Yamazaki et al. 2024))
support open-vocabulary perception but lack structure, hin-
dering compositional reasoning. In contrast, 3D SGs offer
a structured, object-centric alternative. Classic methods (Ar-
meni et al. 2019; Wald et al. 2020) build graphs where nodes
represent objects or spatial regions and edges encode spa-
tial or semantic relationships. Hydra (Hughes, Chang, and
Carlone 2022; Hughes et al. 2024) extends this to real-time
hierarchical SGs that incrementally organize environments
from high-level structures (e.g., buildings and rooms) to
fine-grained entities (e.g., objects and agents). These rep-
resentations effectively organize spatial and are well-suited
for LLM integration, thanks to their structured format and
ease of conversion to natural language. For example, TB-
HSU (Xu et al. 2025) and ConceptGraphs (Gu et al. 2024)
construct SGs that can be integrated with LLMs for reason-
ing. However, TB-HSU is constrained to a predefined set of
semantic categories, which limits its generalization and rea-
soning flexibility. While ConceptGraphs is capable of build-
ing open-vocabulary SGs, its flat graph structure lacks a
meaningful hierarchy, limiting efficient and coherent reason-
ing in LLMs. In contrast, our proposed HPSG incorporates
dominant planar structures (walls, floors, ceilings) as spatial
anchors, while supporting open-vocabulary capabilities and
forming a spatially coherent and semantically rich hierarchy
suited for LLM reasoning.

3D Scene Understanding with LLMs

Recent works integrate LLMs into 3D scene understanding,
often by training them to align spatial and textual representa-
tions on 3D-specific datasets (Hong et al. 2023; Wang et al.
2023; Huang et al. 2024; Chen et al. 2024a; Zhang et al.
2025; Fu et al. 2024; Chen et al. 2024b; Mao et al. 2025).
For instance, Scene-LLM (Fu et al. 2024) jointly trains 3D
encoders with LLMs, while LL3DA (Chen et al. 2024a) uses
fusion modules to align geometric and textual features. De-
spite their effectiveness, these methods require large-scale
3D datasets and still struggle to fully align geometric struc-
tures with natural language representations. Alternatively,
training-free approaches (Mohiuddin et al. 2024; Gu et al.
2024; Chandhok 2024) leverage pretrained LLMs and scene
representations, enabling reasoning without the need for 3D-
specific training. SceneGPT (Chandhok 2024), for instance,
employs SGs built from dense RGB-D inputs for LLM-
based scene understanding. However, converting the entire
SG into a single prompt risks exceeding the LLM’s context
window, and it also interferes with its reasoning by intro-
ducing task-irrelevant information. In contrast, our frame-
work is training-free and relies only on sparse-view RGB
images, which eliminates the need for 3D-specific data. Fur-
thermore, its task-adaptive subgraph extraction method pro-
vides the LLM with more compact and relevant information
by pruning away task-irrelevant entities from the full SG.

Methodology

The proposed Sparse3DPR framework provides a training-
free solution for 3D scene understanding from sparse RGB
views. It first parses the scene to construct an HPSG as a
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Figure 2: Overview of Sparse3DPR framework. Sparse3DPR is a training-free framework for 3D scene understanding from
sparse RGB views. It parses the scene through two branches that integrate 3D geometry: one extracts structural elements by
applying class-agnostic masks combined with structural plane detection and labeling, while the other uses open-vocabulary
masks for semantic-geometric fusion to obtain object instances and generate captions. These components form a candidate
pair pool of topological connections, which are further refined by an LLM to estimate spatial relations between object pairs and
construct the HPSG. A task-adaptive subgraph extractor then selects relevant context from the HPSG for LLM-based reasoning.

compact and reasoning-oriented scene representation, and
then dynamically prunes the HPSG to focus on query-
relevant context via task-adaptive subgraph extraction. The
overview of the framework is shown in Figure 2.

Hierarchical Scene Parsing

Geometry Extraction from Sparse RGB Inputs. Effec-
tive hierarchical scene parsing requires consistent and geo-
metrically reliable information. Instead of requiring dense,
pose-aligned RGB-D inputs, Sparse3DPR utilizes DUSt3R
(Wang et al. 2024), a learning-based multi-view reconstruc-
tion framework that can infer scene geometry directly from
sparse monocular RGB images, even under challenging
wide-baseline conditions. To ensure sufficient spatial cov-
erage and viewpoint diversity, we uniformly sample a sparse
subset of input images from the available pool, denoted as
Z = {I,;}"_,. The geometry inference is then formulated as
a parameterized function ®p3g:

(X,C) = Ppsr(Z; Op3r), P = Xi ©C, ey
where X = {X;}"_; denotes the set of per-view 3D point
maps and C = {C;}_; represents the corresponding confi-
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dence maps. Opsr denotes the tunable parameters of ®p3g.
Each X; € RWxHx3 encodes the 3D coordinates of ev-
ery pixel, while each C; € RW*H provides the associated
per-pixel confidence scores. The element-wise product © is
used to suppress low-confidence points, resulting in a fil-
tered point cloud P; € R™i*3 for each view.

Structural Element Extraction. This section details our
three-stage pipeline for robustly extracting the foundational
structure of the scene (walls, floors, ceilings) from the noisy
geometry recovered from sparse views. The pipeline pro-
gressively refines an initial set of plane hypotheses into a
globally consistent set of structural elements.

The process begins with mask-guided plane detection,
where we first leverage SAM2 (Ravi et al. 2024) to generate

a set of class-agnostic segmentation masks M; = { M7 y
for each input image I;, with m; being the number of
masks. Each 2D mask M7 is lifted into 3D as a candidate
point cloud Pij by applying it to the inferred point map X,
weighted by the per-pixel confidence map C;:

Pl =X,0 (M o). (©)



We then by applying a RANSAC-based plane fitting algo-

rithm R piane to each candidate point cloud Pf to generate
an initial set of candidate planes:

Oi) = Rplane(Pij; Tdist» pmin,inlier)v 3)

where ng and dg are the unit normal and offset of the es-
timated plane, and Tdist is the inlier distance threshold. A

candidate plane II] is considered valid if its inlier ratio
|O7|/| P} | exceeds pmin intier» Where the corresponding inlier
set O/ is given by:

Ol ={pe P/ ||} ,p) - d]| <mu}. @

To merge the initially fragmented and inconsistent can-
didate planes into a globally coherent set, our pipeline next
performs multi-stage plane grouping. This begins with intra-
view refinement for each view independently, where we first
cluster local candidate planes using DBSCAN in the plane
parameter space (PPS), which is defined by the estimated
plane parameters (n,d). This step yields coarse groupings
of geometrically co-planar surfaces. To enhance spatial con-
tinuity and completeness, these coarse groups are then ex-
panded by a geometry-aware region growing module that
incorporates nearby points satisfying the following strict an-
gular and distance constraints:

(o, d

REa ]

COS_l(nngp) < eangv |1’1ng - dZ| < 6disla

&)

where np, is the pre-computed normal of point p, and Oy
and dgi are the respective angular and distance thresholds.
While this expansion effectively recovers fragmented re-
gions, it can introduce residual over-segmentation. There-
fore, a final intra-view DBSCAN is applied to consolidate
the expanded planes and merge adjacent, co-planar seg-
ments, yielding a refined set of planes II for each view.
These refined per-view sets are then fused in the cross-view
alignment stage, where we aggregate all refined sets {II}}
and perform a global DBSCAN clustering in the PPS. This
process robustly associates and merges observations of the
same plane across different views to produce the globally
consistent set of distinct planar surfaces Ilgpar.

The final stage of our pipeline is plane semantic labeling.
To distinguish structural elements within Iggpa, We intro-
duce a geometry-driven semantic labeling method that as-
signs each plane to a structural category, such as floor, wall,
or ceiling, or as a non-structural surface. We begin by de-
tecting floor planes, which are identified by their normal
vectors that are closely aligned with the gravity direction,
thereby establishing a gravity-aligned coordinate frame for
the scene. Using this frame, ceiling planes are classified
based on their normals forming an angle of less than 20°
with the gravity direction and exhibiting a positive offset
d. Wall candidates are identified by normals approximately
orthogonal to the floor plane. To distinguish true structural
walls from other large vertical surfaces (e.g., cabinet sides),
these candidates are then validated through a multi-criteria
filtering process. This filter assesses geometric attributes,
such as planar area and boundary length, and requires at
least two supporting observations from different viewpoints
to ensure geometric consistency.
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Object Instance Extraction. We introduce an object-
centric pipeline that robustly extracts globally consistent 3D
object instances from sparse RGB views. It further enriches
each instance with descriptive captions and semantic tags.
The process begins with an open-vocabulary instance seg-
mentation module. For each sparse-view image I;, we first
apply the RAM++ model Fr (Huang et al. 2023) to predict a
set of open-vocabulary category labels. These labels are used
as text prompts for the GroundingDINO detector Fp (Liu
et al. 2024) to localize candidate object regions. The de-
tected regions are then passed to the SAM2 segmenter Fg to
generate instance masks. To ensure cross-view consistency,
we introduce a propagation module Fp (Cheng et al. 2023),
which associates masks of the same object across multi-
ple views. Through this segmentation process, the module
generates cross-view consistent instance masks, where each
mask is assigned a persistent ID to maintain identity consis-
tency for the object across different viewpoints. The mask
generation and ID assignment are jointly formulated as:

{1} = Fo (Fs (Foli, Fr(12)) ,Si1) - (6)

where m; is the number of detected instances in view 1, Mf
is the mask for the j-th instance, and L7 is the consistent
instance ID shared across views. S;_1 is the propagated state
from previous views used to ensure ID consistency.
Building upon the outputs of the previous stage, we per-
form a unified semantic-geometric fusion. The process be-
gins by combining the 2D object masks from view 7 with
their corresponding 3D geometry from DUSt3R, which
yields a set of local object candidates 6; = {62(-1), cees 61(-m) .
where m denotes the number of detected objects. Each
candidate 6§m) = (P/™,L™) comprises its 3D geometry
P/ and an associated instance ID L™. To suppress out-
liers caused by imprecise mask boundaries, these candi-
dates are subsequently filtered using a density-based clus-
tering method (e.g., DBSCAN), retaining only the domi-
nant cluster as the final geometry. The refined candidates
are then progressively merged into a global object set O =
{o™M ... 0¥} based on a unified semantic-geometric as-
sociation rule. A new detection is merged with an existing
object if their IDs match, or if their 3D IoU g, exceeds a
threshold . Otherwise, the detection is registered as a new
instance. This fusion logic is formally expressed as:

0\ {o™}) U {(PF U PP, 14}
if 3k, Pgeo > KV L™ = L*,
Ou{{p™ L™}

With the global 3D object set established, the final stage
performs vision-language caption generation. We employ a
two-stage procedure that first uses a VLM to generate pre-
liminary captions, which are then refined by an LLM. For
each object, the process begins by selecting the top-5 views
with the highest segmentation confidence. The correspond-
ing object-centered image crops are fed to the VLM with the
prompt “Provide a concise description of the main object in
this image.”. This yields a set of preliminary view-specific
captions ¢, = {€y,1,Cy,2,- - -, Cv,5}. These preliminary cap-
tions are then refined and consolidated by the LLM using

0+ 7)

otherwise.



a prompt template P, producing a coherent final caption c,
together with a canonical tag t* and a candidate tag set 7 :

(cy, ", T) = LLM(¢y, P). ®)

HPSG Construction. Given the set of scene components,
including structural plane elements II and object instances
O, we compute a similarity matrix S, where each entry is
defined as the 3D bounding box IoU between every pair of
components. A minimum spanning tree (MST) is then es-
timated from S to establish a candidate pool of topological
connections among all components. We further estimate the
spatial relations such as ’on’, ’in’, and ’next_to’ between
object instance pairs found within the candidate pool by
feeding their captions and 3D positions to the LLM using
a prompt template. In addition, the LLM summarizes cap-
tions of all O to infer the global scene type (e.g., office
or room), which is then combined with each structural la-
bel to generate captions for II, such as “This is a {wall}
in the {office}.” We then construct the HPSG, denoted as
G =(V,€). Thenode set V = U?:O V), comprises three lev-
els of scene components: ) corresponds to the global scene
type (e.g., office), V; to structural plane elements, and Vs to
object instances. The edge set £ = U2 Em captures the

m=0
hierarchical and spatial relationships, including scene type-
to-structure default links &, structure-to-object topological

connections &1, and spatial relations between objects &;.

Task-Adaptive Subgraph Extraction

To dynamically extract task-relevant subgraphs from the full
HPSG, we use each node’s caption as a semantic anchor for
identifying seed nodes. All node captions {e;}}¥ , and the
user query g are encoded into their corresponding embed-
dings using a pre-trained SentenceTransformer S(-) model
(Reimers and Gurevych 2019):

F., = S(e;), F,=5(q). )

The semantic alignment between the query and each node is
then measured using a query-aware scoring function:

MESNEY g

-
where A denotes L2 normalization, and 7 is a temperature
scalar (set to 0.07). To efficiently select the most relevant
nodes, we use FAISS (Douze et al. 2024) to retrieve the top-
K seed nodes that maximize the alignment score:

I = arg topK (S(q, e;;7)).
ie{l,...,N}

S(g.esi7) = exp (

an

To retain sufficient contextual information while preserv-
ing the hierarchical structure, the retrieved seed nodes are
further expanded with their directly connected neighbors
N (I*) and second-order neighbors N?(I*), together with
their corresponding edges from the original graph. The re-
sulting localized subgraph is defined as:

Gr=G[I" UNI*)UN?(I)],

which serves as a compact task-focused subgraph that pre-
serves essential contextual information.

(12)
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Experiments
Main Results

We design a multi-perspective evaluation to validate the ef-
fectiveness of our framework. We first quantitatively evalu-
ate the accuracy and consistency of the nodes in our HPSG
via a 3D semantic understanding experiment, as these nodes
serve as the contextual foundation for downstream tasks. We
then evaluate the framework’s reasoning and understanding
capabilities using the 3D QA task, which evaluates its abil-
ity to perform spatial and semantic reasoning grounded in
complex 3D environments via natural language question an-
swering. Finally, we conduct qualitative experiments in a
real-world lab scene to further validate the generalization
and practical applicability of Sparse3DPR.

Supervision | Method | F-mloU (%) mAcc (%)
CLIP (rd64-uni) 39.84 28.21

Training CLIP (rd64-uni-refined) 13.00 13.00
LSeg 51.54 33.39
OpenSeg 53.74 41.19
MaskCLIP 0.94 4.53
Mask2Former + Global CLIP feat 13.11 10.42
ConceptFusion 31.31 24.16

Training Free ConceptFusion + SAM 38.70 31.53
HOV-SG + ViT-H-14 38.60 30.40
ConceptGraphs® 34.68 37.52
ConceptGraphs-Detector® 34.70 37.97
Sparse3DPR (Ours) 39.71 35.12

Table 1: 3D semantic understanding on Replica. Results
marked with R indicate those reproduced by our implemen-
tation. All other results are quoted from their respective
publications. Training-based methods involve task-specific
fine-tuning, while training-free methods leverage pre-trained
models without this requirement.

3D Semantic Understanding. We evaluate the 3D seman-
tic understanding on the Replica (Straub et al. 2019), which
contains five office scenes and three apartment rooms. As
shown in Table 1, Sparse3DPR is compared with several
training-based methods (Liiddecke and Ecker 2022; Li et al.
2022; Ghiasi et al. 2022) and training-free methods (Zhou,
Loy, and Dai 2022; Jatavallabhula et al. 2023; Werby et al.
2024; Gu et al. 2024). Sparse3DPR achieves the highest
F-mloU among all training-free baselines and even outper-
forms several training-based approaches, while also deliver-
ing competitive mAcc scores. This performance stems from
the semantic-geometric fusion employed during hierarchi-
cal scene parsing. Sparse3DPR first establishes a robust ge-
ometric foundation by applying DBSCAN to suppress noise
in the initial segments, then progressively aligns cross-view
features under both geometric and semantic constraints. This
process yields a globally consistent scene representation
which is essential for supporting precise and reliable rea-
soning in downstream 3D scene understanding tasks.

3D Scene Question Answering. In this section, we evalu-
ate Sparse3DPR on the ScanQA validation set (Azuma et al.
2022), compare it with state-of-the-art (SOTA) approaches
(Azuma et al. 2022; Li et al. 2024; Hong et al. 2023; Chen



USER: Find a small, round, black-and-
white device that provides cool air in
hot weather, and give a detailed
description of the object.

&)

Based on your descrip‘rion,Jyou are
looking for a small, round black-and-
white device that can provide cool air
in hot weather. According to the
scene information, there is an object
that matches this description:

. This object is located on a
table, positioned at
. It isa
cylindrical device with a surface
featuring a black and white design.

(a) Object understanding

USER: Please choose the computer
monitor positioned closest to the wall
that is farthest from the wooden
door in the scene.

&)

To find the computer monitor closest
to the wooden door, calculate the
euclidean distance between the door
and each monitor near the wall. The
computer monitor (ID: 2630964),
located at [0.05103, -0.416251, -
0.035413], is closer to the wooden
door (ID: 11525593), located at [-
0.653927, 0.149246, -0.052542],
than the other monitor. Therefore,

is the closest to the wooden door.
(b) Spatial understanding

USER: Conduct an analysis to
determine whether the keyboard (ID:
2305669) can be placed on top of the
AOC box (ID: 4998151).

To determine if the keyboard (ID:
2305669) can fit on top of the AOC
box (ID: 4998151), it is necessary to
compare the dimensions of both
objects. Since the keyboard is
smaller in all dimensions compared to
the AOC box, it can indeed fit on top
without any size-related issues.
Therefore, the keyboard can
of the AOC box.

(c) Geometric understanding

Figure 3: Qualitative results. We showcase Sparse3DPR performing object, spatial, and geometric understanding in a lab scene
and locating target objects within the scene. These examples demonstrate its ability to adapt to diverse tasks and generalize to

complex real-world indoor scenes.

et al. 2024a; Fu et al. 2024; Huang et al. 2024; Jin et al.
2023; Chen et al. 2024b; Wang et al. 2023) that rely on
3D-specific inputs like point clouds. As shown in Table 2,
Sparse3DPR demonstrates highly competitive performance.
It achieves SOTA results on several key metrics, including
an EM@1 of 27.22% and a CIDEr score of 88.07%, which
respectively reflect its factual accuracy and ability to gen-
erate semantically rich responses. Notably, this strong per-
formance is achieved in a training-free, zero-shot setting us-
ing only sparse RGB inputs. This success is attributed to
our framework’s ability to provide the LLM with a superior
context, where our HPSG establishes a robust and spatially
coherent structural foundation, and our task-adaptive sub-
graph extraction ensures this context is query-relevant and
redundancy-free for more accurate and reliable reasoning.

Qualitative Analysis of 3D Scene Understanding. To
demonstrate the practical applicability and generalization of
our method, we conduct qualitative experiments in a real-
world laboratory scene characterized by cluttered object dis-
tributions and irregular layouts. This environment presents
significant challenges for prior paradigms that are often con-
strained by domain gaps or a reliance on 3D-specific data
such as point clouds or dense posed RGB-D sequences. As
demonstrated in Figure 3, Sparse3DPR effectively handles
complex queries spanning object understanding, spatial rea-
soning, and geometric analysis under these conditions. This
robust performance stems from the framework’s ability to
efficiently parse the scene, extract task-relevant context such
as captions, 3D positions, and geometric properties, and in-
tegrate this information into structured prompts for context-
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aware reasoning. Crucially, the entire process operates with-
out task-specific fine-tuning and relies solely on sparse-view
RGB inputs, demonstrating strong generalization and prac-
tical deployability. For more extensive qualitative examples,
please refer to the supplementary material.

Ablation Study

To evaluate the impact and effectiveness of HPSG and our
task-adaptive subgraph extraction, we conduct ablation stud-
ies on 3D QA using a seven-scene subset of Space3D-
Bench. For this analysis, we build flat SG baselines using
the SG from ConceptGraphs, and further reorganize HPSG
into two alternative designs for comparison: a flat structure
consistent with ConceptGraphs and an affordance-based hi-
erarchical structure following TB-HSU (Xu et al. 2025). To
ensure a fair comparison, all variants are evaluated using the
identical reasoning pipeline, including the same LLM and
prompt template. Additional details on baselines and exper-
imental settings are available in the supplementary material.
The results are summarized in Table 3.

Impact of SG type. To isolate the impact of different SGs
on reasoning performance, we disable the task-adaptive sub-
graph extraction and feed the full graph to the LLM. As
shown in the top block of Table 3, Sparse3DPR* (Flat SG)
outperforms the baseline ConceptGraphs* (Flat SG) with
higher EM@1, indicating the high quality of our underly-
ing scene parsing. In contrast, Sparse3DPR' (Afford. SG)
employs a function-centric hierarchy that shifts the LLM’s
focus from explicit objects and spatial relations to object af-
fordances, improving fluency and reasoning efficiency at the



Supervision | Method | Input | EM@11 B-11 B-21 B-37 B-41 METEOR{ ROUGE-L+ CIDEr{
ScanQA 2105 3024 2040 1511  10.08 13.14 33.33 64.86
3DMIT 13.04  27.63 - - 5.4 10.70 26.22 48.03
3D-LLM(Flamingo) 2040 3030 1780 1200 7.0 12.20 3230 59.20
3D-LLM(BLIP2-flant5) 2050 3930 2520 1840  12.00 14.50 35.70 69.40
3D-VisTA 22.40 - - - 10.40 13.90 35.70 69.60
- LL3DA ; ; ; ; 13.53 15.88 3731 76.79
Training Scene-LLM PC 2720 4360 2680 19.10  12.00 16.60 40.00 80.00
Chat-Scene 2162 4320 2906 2057 1431 18.00 41.56 87.70
3D-VLP 2165 3053 2133 1667 1115 13.53 34.51 66.97
Grounded 3D-LLM : - : - 13.40 : - 72.70
Chat-3D - 29.10 ; ; 6.40 11.90 28.50 53.20
Chat-3D v2 2010 3840 ; ; 7.30 16.10 40.10 77.10
Training Free | Sparse3DPR(Ours) | SVI | 2722 3623 2842 2292 1499 17.40 37.98 88.07

Table 2: Evaluations on ScanQA. Our training-free method, operating on sparse-view images (SVI), is benchmarked against
training-based approaches that use point clouds (PC). Best results are highlighted in bold. B-1 to B-4 are BLEU-n scores.
Sparse3DPR achieves state-of-the-art results on several metrics (EM@ 1, BLEU-3, BLEU-4, and CIDEr).

Method Subgraph | SG Type | EM@11 B-14 B-24 B-34 B-44 METEOR{ ROUGE-L+ CIDEr{} TIII‘:I??;‘V‘S L
ConceptGraphs X Flat 2023 1172 6.64 379 218 11.05 35.54 85.43 2.15s
ConceptGraphs* X Flat 2694 2092 1211 738 447 15.82 49.69 115.79 1.47s
Sparse3DPR* X Flat 2897 2142 1222 755 455 15.96 49.90 133.38 1.08s
Sparse3DPRT X Afford. | 27.17 2151 1269 8.02 4.99 15.45 47.67 122.30 1.02s
Sparse3DPR* X HPSG | 3091 24.03 1398 8.86 5.64 16.51 51.81 141.15 0.94s
ConceptGraphs Flat 2804 2771 17.14 1094 6.18 14.89 49.06 126.00 0.39s
ConceptGraphs* Flat 3249 2714 1653 10.61 6.46 15.50 52.22 140.49 0.39s
Sparse3DPR* Flat 3282 3043 1908 1285 8.16 16.55 5208 146.39 0.38s
Sparse3DPRT Afford. | 3078  29.00 17.54 1141 7.08 15.13 50.98 136.08 0.37s
Sparse3DPR (Ours) HPSG | 34.68 31.13 1990 13.60 8.87 17.56 53.17 160.73 0.32s

Table 3: Ablation study on Space3D-Bench. All compared methods are training-free. “ConceptGraphs” and “ConceptGraphs*”
serve as flat SG baselines constructed following prior methods. Sparse3DPR* denotes variants of Sparse3DPR either without the
subgraph extraction method or with flat SGs obtained by flattening HPSG. Sparse3DPR reorganizes HPSG into an affordance-
based hierarchical structure. The SG Type column specifies the organization of the scene graph: Flat (non-hierarchical), Afford.
(affordance-based hierarchy), or HPSG (hierarchical plane-enhanced scene graph).

cost of accuracy (EM@1). Our Sparse3DPR* (HPSG), how-
ever, uses a physically-grounded hierarchy that preserves
spatial coherence, leading to significant improvements in
both EM@1 accuracy and reasoning speed. This proves that
a human-intuitive, spatially coherent SG structure is more
effective for LLM-based reasoning.

Impact of task-adaptive subgraph extraction. We first
analyze the primary impact of our task-adaptive subgraph
extraction. As shown in Table 3 (bottom vs. top blocks), en-
abling this method yields a significant and consistent per-
formance improvement across all SG types in both rea-
soning accuracy and efficiency. These results demonstrate
that dynamically providing the LLM with a focused, query-
relevant, and noise-free context is critical for effective rea-
soning. Furthermore, these results also reveal an interplay
between the subgraph extraction method and the underly-
ing SG structure (as shown in the bottom block). The per-
formance benefit is most pronounced when combined with
our HPSG, which achieves the best results across all met-
rics (e.g., 0.32s reasoning time). In contrast, when the sub-
graph is combined with the Affordance-based SG, perfor-
mance declines. We attribute this to its function-centric hi-
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erarchy, which emphasizes functional relationships, leading
to inaccurate seed node selection and the inclusion of irrele-
vant scene context. By comparison, HPSG preserves spatial
coherence through dominant planar structures as spatial an-
chors, enabling precise seed node retrieval and producing
cleaner, task-relevant subgraphs for improved performance.

Conclusion

We propose Sparse3DPR, a framework that addresses ac-
curacy and efficiency challenges in the practical deploy-
ment of training-free 3D scene understanding. By construct-
ing an HPSG from sparse-view RGB inputs, it provides a
spatially coherent, semantically rich, and reasoning-friendly
representation, while the task-adaptive subgraph extraction
method dynamically filters redundant context and retains
task-relevant information, thereby improving reasoning ac-
curacy and efficiency. Experiments show that Sparse3DPR
significantly improves both accuracy and speed over previ-
ous training-free methods and achieves comparable perfor-
mance to training-based counterparts on the ScanQA bench-
mark, confirming its efficiency and generalizability for real-
world applications. Future work will focus on extending this
framework to temporal reasoning in dynamic environments.
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