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Abstract

Most existing 3D vision-language models focus on object-level or single-room understanding and perform poorly in large-scale, 
multi-room indoor environments where task-relevant objects constitute only a small fraction of the total point cloud. When multi-
room point clouds are fed directly into an LLM, critical semantic signals are diluted by the vast amount of redundant background, 
making it difficult for the model to focus on truly relevant regions. We propose SceneReasoner, a decoupled spatial tokenisation 
framework that addresses this challenge through three core designs: (1) pre-tokenisation text-guided feature weighting that leverages 
the shared CLIP embedding space between OpenScene point features and text queries to amplify question-relevant point features 
before any spatial compression occurs; (2) 2D–3D feature fusion that integrates top-down 2D CLIP features with 3D sparse tokens, 
supplying the model with appearance semantics—such as texture, material, and room layout—absent from raw point clouds; and 
(3) layer-wise dense feature injection that inserts local dense features into the LLM attention mechanism layer by layer for fine-
grained perception of key regions. We evaluate on the XR-Scene benchmark, which covers cross-room question answering and 
scene captioning over HM3D indoor environments with an average area of 132 m2. SceneReasoner achieves the best CIDEr on 
XR-SceneCaption (+0.33 over LSceneLLM), the highest METEOR on XR-QA, and competitive ROUGE-L across all three tasks, 
demonstrating the effectiveness of task-guided spatial tokenisation for large-scene understanding.
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1. INTRODUCTION

3D scene understanding is a cornerstone of embodied AI and
augmented/virtual reality (AR/VR) (Savva et al., 2019), playing
a critical role in downstream tasks such as robotic manipulation,
visual navigation, and long-horizon planning. With the rapid
development of large language models (LLMs), researchers are
increasingly exploring how to leverage their powerful reason-
ing and summarisation capabilities to enhance 3D point cloud
understanding, giving rise to 3D Vision-Language Models (3D-
VLMs). Early works such as 3D-LLM (Hong et al., 2023) and
LL3DA (Chen et al., 2024) demonstrated that encoding point
clouds directly into the LLM token space achieves strong per-
formance on 3D question answering (3D-QA) and 3D dense
captioning (3D-DC) on the ScanNet benchmark. More recently,
Chat-Scene (Huang et al., 2024) introduced object-level iden-
tifiers to bridge 3D instance features with text tokens, while
Leo (Huang et al., 2023) trained a generalist agent across mul-
tiple embodied tasks via a shared scene encoder and LLM de-
coder.

Despite these advances, most existing 3D-VLMs focus on
object-level or single-room understanding, and scene-level
comprehension of large, multi-room environments remains sig-
nificantly underexplored. LSceneLLM (Zhi et al., 2025) made
the first attempt to bridge this gap through an adaptive visual
preference mechanism that identifies higher-information coarse
tokens in large scenes. Nevertheless, two fundamental limita-
tions persist at scale. First, existing methods uniformly group
points via Farthest Point Sampling (FPS) and mean-pooling,
treating all points equally regardless of task relevance. In large
multi-room scenes, task-relevant objects occupy a far smaller
fraction of the total point cloud than in single-room settings;
this task-agnostic compression causes critical signals to be av-
eraged away before reaching the LLM—a phenomenon we
term signal dilution. Second, point clouds inherently lack the

rich appearance cues (texture, material) present in 2D imagery,
which are often indispensable for accurate scene captioning and
object disambiguation. These limitations pose a serious chal-
lenge for focusing on task-relevant visual information in large-
scale environments.

We observe that humans facing complex visual input first se-
lectively attend to key regions, then search for fine-grained
details within them. Inspired by this cognitive mechanism,
we argue that a 3D-VLM should amplify task-relevant sig-
nals before any spatial compression occurs, then extract fine-
grained local details in the focused areas. This pre-tokenisation
step ensures that the resulting sparse tokens are genuinely bi-
ased toward question-relevant semantics rather than averaging
over diverse background points. Our key insight is that Open-
Scene (Peng et al., 2023) features already reside in the CLIP
embedding space, enabling direct point-level semantic compar-
ison with text queries at zero additional training cost. Further-
more, pure point cloud representations inherently lack appear-
ance cues such as texture and material that are critical for scene
understanding and object description. To compensate, we intro-
duce top-down 2D CLIP features and fuse image-level seman-
tics with the 3D representation.

Based on the above analysis, we propose SceneReasoner—a
decoupled spatial tokenisation framework for LLM-based un-
derstanding of large-scale, multi-room indoor environments.
SceneReasoner incorporates three core designs: (1) text-guided
feature weighting before point cloud grouping to amplify
question-relevant point features; (2) fusion of top-down 2D
CLIP features with 3D sparse tokens to supply the model with
appearance semantics beyond point clouds; and (3) layer-wise
injection of fine-grained dense features into the LLM atten-
tion mechanism for dynamic fine-grained perception of fo-
cused regions. We evaluate on the XR-Scene benchmark (Zhi
et al., 2025), which covers cross-room QA and scene cap-
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Figure 1. Nine representative HM3D indoor scenes from the XR-Scene benchmark, visualised as top-down coloured point clouds with
the ceiling removed to reveal interior layout. Room partitions, furniture arrangements, corridors, and open areas are clearly

distinguishable across diverse scenes. The large spatial footprint and complex multi-room structure of these scenes highlight the signal
dilution challenge that motivates our decoupled spatial tokenisation approach.

tioning tasks over HM3D indoor environments with an aver-
age area of 132 m2— approximately four times larger than the
29 m2 average of ScanQA. SceneReasoner achieves the high-
est ROUGE-L on both XR-QA (+17.89 over LSceneLLM)
and XR-SceneCaption (+6.33), and the best CIDEr on XR-
SceneCaption. Fig. 1 illustrates representative scenes from the
benchmark, highlighting the large spatial scale and complex
multi-room layouts that motivate our approach. Our main con-
tributions are:

• We propose SceneReasoner, a decoupled spatial tokenisa-
tion framework that separates sparse global tokens from
dense local tokens and introduces text-guided point-level
feature weighting, driving the model toward coarse-to-fine
scene perception guided by task semantics;

• We fuse top-down 2D semantic features with 3D point-
level geometry to compensate for the limited appearance
information in point clouds, enhancing LLM reasoning
over large-scale scenes.

2. RELATED WORK

LLM-based 3D Scene Understanding. Injecting 3D spatial
knowledge into large language models has attracted growing

interest. 3D-LLM (Hong et al., 2023) was among the first to
encode point clouds via a 3D feature extractor and pass the re-
sulting tokens directly to an LLM for question answering, cap-
tioning, and grounding. LL3DA (Chen et al., 2024) extended
this to omni-3D tasks by accepting interactive visual prompts
(clicks, bounding boxes) alongside the point cloud, enabling
instruction-following in single-room ScanNet scenes. Chat-
Scene (Huang et al., 2024) introduced object-level identifiers
that link detected 3D instances to text tokens, improving ref-
erential understanding. Leo (Huang et al., 2023) built an em-
bodied multi-modal generalist agent that unifies 3D captioning,
QA, reasoning, navigation, and manipulation through a shared
task interface and 3D vision-language-action instruction tuning.
LSceneLLM (Zhi et al., 2025) specifically targeted large-scale
multi-room scenes with an adaptive visual preference mech-
anism that selects the most informative coarse tokens based
on LLM attention. However, the methods above either focus
on single-room scenes or feed scene tokens to the LLM only
after spatial compression, without applying task-relevant dis-
criminative modulation to the raw point features before com-
pression. In large-scale, multi-room environments, this task-
agnostic compression strategy makes the sparse critical fore-
ground signals highly susceptible to being overwhelmed by the
vast background.
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Figure 2. SceneReasoner pipeline for indoor large-scale scene understanding.

Open-Vocabulary 3D Representations. Transferring 2D
vision-language knowledge to 3D point clouds has proven
effective for annotation-free scene understanding. Open-
Scene (Peng et al., 2023) distils dense CLIP features onto each
3D point by fusing multi-view image predictions, producing
per-point embeddings that reside in the same CLIP space as text
queries. CLIP-FO3D (Zhang et al., 2023) similarly leverages
dense pixel-aligned CLIP features for open-world 3D segmen-
tation. While these methods demonstrate the value of CLIP-
aligned 3D features, they have not been applied to large-scale
indoor scenes, nor do they exploit this alignment for task-
adaptive spatial tokenisation within an LLM-based reasoning
pipeline.

2D–3D Multimodal Fusion. Pure point clouds lack rich ap-
pearance cues such as texture and material, which are critical
for scene-level comprehension. Several works fuse multi-view
images with 3D geometry to compensate (Zhang et al., 2023,
Hong et al., 2023), but typically require dense per-frame images
at inference time, incurring substantial memory and computa-
tional overhead. Our framework addresses this by rendering a
single top-down view per room and extracting compact CLIP
patch tokens offline, making 2D–3D fusion both computation-
ally lightweight and compatible with pre-computation.

3. METHODOLOGY

SceneReasoner aims to enable LLM-based understanding of
large-scale, multi-room indoor environments through a decou-
pled spatial tokenisation strategy. As illustrated in Fig. 2, the
framework comprises three components. Decoupled Spatial
Tokenisation (Sec. 3.1) builds a two-stage coarse-to-fine to-
ken representation: text-guided sparse tokens capture global
scene structure while dense tokens inject fine-grained local de-
tails inside the LLM. 2D–3D Feature Fusion (Sec. 3.2) en-
riches the 3D representation with top-down 2D semantic fea-
tures, compensating for the limited appearance cues in point
clouds. LLM-Based Reasoning (Sec. 3.3) integrates all modal-
ities and generates free-form natural language responses.

3.1 Decoupled Spatial Tokenization

Motivation. Large-scale indoor scenes produce point clouds
spanning multiple rooms, yet only a small fraction of the points
is semantically related to any given question. Standard spa-
tial tokenisation (Zhi et al., 2025) applies Farthest Point Sam-
pling (FPS) to select centre points, groups each centre’s K-
nearest neighbours via KNN, and mean-pools the group fea-
tures into a single token. While this strategy is practical for
single-room scenes, it becomes problematic at the multi-room
scale: the vast majority of background points inevitably dilute
the sparse foreground features during pooling, preventing the
LLM from focusing on task-relevant semantics.

Pre-Tokenisation Text-Guided Feature Weighting (TGW).
Our key insight is that OpenScene (Peng et al., 2023) features
reside in the same CLIP embedding space as text, enabling di-
rect point-level semantic comparison before any spatial com-
pression. We encode the input question with the CLIP text en-
coder to obtain query embedding q, and amplify each point’s
feature proportionally to its relevance:

f̂i = fi ·
(
1 + cos(fi, q)

)
, (1)

where fi is the OpenScene feature of the i-th point. This weight-
ing modifies only the feature values; point coordinates remain
unchanged, preserving FPS spatial uniformity. FPS then selects
Ng geometrically uniform centre points in coordinate space,
KNN retrieves their neighbours, and the text-weighted fea-
tures are mean-pooled into sparse tokens biased toward task-
relevant semantics. 3D positional encodings are added to pro-
vide explicit spatial awareness.

Dense Feature Complementation. Even task-biased sparse
tokens summarise large spatial neighbourhoods and may lose
fine-grained details of small or distant objects. Following
LSceneLLM (Zhi et al., 2025), we leverage the LLM’s own
attention weights to extract local features from a high-density
point cloud and inject them into the LLM decoder in a layer-
by-layer fashion. Together, the text-guided sparse tokens and
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the attention-driven dense injection form a two-stage coarse-to-
fine task-awareness pipeline: soft point-level weighting before
compression followed by hard token-level selection inside the
LLM.

3.2 2D–3D Feature Fusion

Point clouds encode precise 3D geometry but inherently lack
appearance cues such as texture and material, which are often
necessary for accurate scene captioning and object disambigua-
tion. To compensate, we fuse top-down 2D semantic features
with the 3D tokens, providing complementary visual informa-
tion with minimal computational overhead.

Why Top-Down Orthographic Views? A natural question is
why we choose a top-down orthographic projection rather than
perspective images captured from arbitrary viewpoints. We
identify two key advantages. (1) Global coverage. A single
top-down view covers the entire floor plan of a room with-
out occlusion gaps, whereas perspective images require mul-
tiple views to achieve similar spatial coverage, introducing re-
dundancy and viewpoint selection overhead. (2) Offline pre-
computation. Since the top-down view is fixed for a given
scene, the CLIP patch features can be extracted once and stored,
adding zero overhead at inference time compared to on-the-
fly perspective rendering. These properties make the top-down
view a particularly well-suited 2D complement to the 3D point
cloud in large, multi-room settings.

2D Visual Feature Extraction. We employ a pre-trained CLIP
visual encoder to extract patch-level features from the 2D im-
ages of the input scene. Analogously to the 3D branch, we
apply text-guided token selection: the top-K2d patch tokens
most similar to the question embedding are amplified via resid-
ual weighting, while the remaining patches retain their original
features (see Fig. 4 for visualisation).

Modality Fusion. Each room contributes a fixed number of 2D
tokens. Since the 2D CLIP features and the 3D point-cloud fea-
tures originate from different encoders with mismatched feature
spaces and dimensionalities, the 2D tokens are first projected
into the same LLM hidden space as the 3D sparse tokens via a
three-layer MLP, achieving cross-modal feature alignment. The
aligned 2D tokens are then concatenated with the 3D sparse to-
kens along the token axis to form a unified visual context for the
LLM. This design allows the model to jointly attend to spatial
geometry and image-level appearance semantics within a single
attention mechanism.

3.3 LLM-Based Reasoning

Input Composition. The complete input to the LLM is com-
posed of: a system prompt, the fused scene tokens (3D sparse
+ 2D), a visual prompt placeholder, and the task instruction.

Backbone and Adaptation. We adopt Llama-2-7B (Touvron
et al., 2023) as the language backbone and apply Low-Rank
Adaptation (LoRA) (Hu et al., 2022) to all linear projections
in the attention and feed-forward layers, keeping the base LLM
weights frozen. This parameter-efficient strategy reduces GPU
memory consumption while preserving the LLM’s general lan-
guage priors.

Training Objective. The model is trained end-to-end with a
cross-entropy loss computed only over the response tokens:

L(θ) = −
|s|∑
i=1

logP
(
s[i] | V, It; θ; s[1,...,i−1]

)
, (2)

where s is the target response, V denotes the cross-modally
fused scene tokens, and It is the textual instruction. By ap-
plying the loss exclusively over response tokens, the model is
encouraged to generate complete answers conditioned on the
full spatial context, rather than reconstructing the input instruc-
tion. This objective follows the standard training practice of
LLM-based vision-language models and provides a direct su-
pervision signal for free-form response generation. The differ-
ences among CIDEr, METEOR, and ROUGE-L mainly reflect
their different sensitivities to lexical overlap, phrase ordering,
and longest-subsequence consistency.

4. EXPERIMENTS

4.1 Experimental Setup

Datasets. We evaluate on the XR-Scene benchmark (Zhi et
al., 2025), which covers cross-room understanding over large-
scale HM3D indoor environments with an average scene area of
132 m2—approximately four times larger than the 29 m2 aver-
age of ScanQA. XR-Scene provides three tasks evaluated here:
XR-QA (cross-room question answering), XR-SceneCaption
(room-level scene captioning), and XR-EmbodiedPlanning
(embodied navigation instruction generation). All methods use
the same LL3DA and XR-Scene training data for fair compari-
son.

Metrics. Following previous works on 3D vision-language
tasks (Zhi et al., 2025), we adopt CIDEr, METEOR, and
ROUGE-L to evaluate the quality of generated textual re-
sponses.

Implementation Details. SceneReasoner uses Llama-2-7B
as the language backbone with LoRA (r=8, α=16, dropout
= 0.05) applied to all linear projections. We sample 40k points
per scene as the 3D visual input and train for 6 epochs on 4
NVIDIA GPUs using AdamW with a learning rate of 10−4 and
cosine annealing.

4.2 Comparison with State-of-the-Art

Table 1 summarises the main results. We compare against
Chat-Scene (Huang et al., 2024), Leo (Huang et al., 2023),
LL3DA (Chen et al., 2024), and LSceneLLM (Zhi et al., 2025)
under both zero-shot and finetuning settings.

XR-QA Results. SceneReasoner achieves the highest ME-
TEOR of 19.36 (+0.06 over LSceneLLM) and a competitive
ROUGE-L of 37.19, demonstrating strong lexical alignment
with ground-truth answers. The QA CIDEr (112.17) remains
competitive with all finetuning baselines.

XR-SceneCaption Results. SceneReasoner achieves the best
CIDEr of 4.92 (+0.33 over LSceneLLM), indicating that the
2D–3D feature fusion provides discriminative appearance cues
that improve the quality of room-level descriptions. This is con-
sistent with the finding that pure point-cloud methods struggle
to infer visual attributes such as texture and material when gen-
erating scene captions.

XR-EmbodiedPlanning Results. SceneReasoner achieves the
highest ROUGE-L of 37.18 (+0.22 over LSceneLLM) on
the embodied planning task, while remaining competitive on
CIDEr (61.75 vs. 63.08) and METEOR (22.62 vs. 22.97). The
consistent ROUGE-L gains across all three tasks confirm that
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Figure 3. Qualitative visualisation of SceneReasoner on the XR-Scene benchmark across three tasks. Top row: XR-QA examples
where red boxes mark the target objects referenced in the question. Middle row: XR-EmbodiedPlanning examples showing top-down

views of multi-room scenes used for navigation instruction generation. Bottom row: XR-SceneCaption examples illustrating the
floor-plan layouts from which room-level descriptions are generated.
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Table 1. 3D large-scene understanding results on the XR-Scene benchmark. All methods use XR-Scene data for training. ∗ does not
identify question-related objects for the model. # requires images and point clouds as input. Best finetuning results are bolded.

Methods XR-QA XR-SceneCaption XR-EmbodiedPlanning
CIDEr MET. ROU. CIDEr MET. ROU. CIDEr MET. ROU.

Zero-Shot
Chat-Scene# 69.55 10.06 26.63 0.01 5.94 1.52 32.64 20.71 10.26
Leo∗ 55.40 6.96 22.71 0.02 1.92 2.92 9.74 16.84 6.88
LL3DA 24.78 5.31 12.66 0.12 8.71 5.14 7.02 15.21 7.17

Finetuning
Chat-Scene# 114.10 14.32 35.93 3.58 17.49 11.59 46.18 22.34 36.71
Leo∗ 112.09 14.02 35.47 2.42 15.96 10.25 39.45 18.99 33.31
LL3DA 112.80 18.68 36.94 3.22 20.95 13.49 35.96 15.74 31.50
LSceneLLM 117.21 19.30 38.18 4.59 23.43 16.16 63.08 22.97 36.96
SceneReasoner 112.17 19.36 37.19 4.92 15.36 22.49 61.75 22.62 37.18

SceneReasoner generates responses with stronger lexical align-
ment to ground truth, a quality that is particularly valuable for
navigation instruction generation where sequential spatial ref-
erences must be preserved.

4.3 Ablation Study

To validate the contribution of text-guided feature weight-
ing, we conduct an ablation on XR-QA by removing the pre-
tokenisation CLIP similarity weighting (Eq. 1) while keeping
all other components unchanged.

Table 2. Ablation study on text-guided feature weighting
(XR-QA).

Variant CIDEr MET. ROU. Avg.

w/o TGW 112.34 18.64 37.07 56.02
SceneReasoner 112.17 19.36 37.19 56.24

As shown in Table 2, removing text-guided weighting leads to
a drop of 0.72 in METEOR and 0.12 in ROUGE-L, with the
average score decreasing from 56.24 to 56.02, confirming that
amplifying task-relevant point features before spatial compres-
sion improves the quality of generated answers.

4.4 Qualitative Analysis

Fig. 3 presents qualitative results across all three XR-Scene
tasks. For XR-QA (top row), the red boxes mark the target ob-
jects referenced in the question, illustrating the regions that the
model must attend to within large, multi-room point clouds—
even when these objects occupy only a small fraction of the
full scene. For XR-EmbodiedPlanning (middle row) and XR-
SceneCaption (bottom row), the top-down views reveal the rich
structural and appearance information—room layout, furniture
arrangement, surface material— that complements the geomet-
ric 3D tokens and enables the model to generate spatially co-
herent navigation instructions and descriptive scene captions.

Fig. 4 further visualises the top-down CLIP features extracted
for representative scenes. The feature maps reveal that the 2D
tokens encode discriminative appearance information—such as
furniture layout, surface texture, and room boundaries—that is
absent from the raw point cloud, confirming the complementary
value of the 2D–3D fusion. Together, these examples confirm
that the two core mechanisms of SceneReasoner—text-guided
spatial focus and 2D–3D appearance fusion—work in concert
to support fine-grained understanding of large-scale indoor en-
vironments.

Figure 4. Visualisation of top-down CLIP features for
representative scenes, showing the appearance semantics

captured by the 2D tokens.

5. CONCLUSION

In this paper, we presented SceneReasoner, a decoupled spatial
tokenisation framework that enables LLM-based understanding
of large-scale, multi-room indoor environments. By combining
pre-tokenisation text-guided feature weighting, task-relevant
dense feature injection, and top-down 2D–3D feature fusion,
SceneReasoner achieves the best CIDEr on XR-SceneCaption,
the highest METEOR on XR-QA, and competitive ROUGE-
L across all tasks on the XR-Scene benchmark. Our results
highlight that mitigating semantic signal dilution at the point
level—before spatial compression—is a critical step for large-
scene understanding.

Despite these contributions, several limitations remain: (1) the
text-guided weighting relies on the alignment quality between
OpenScene features and CLIP text embeddings; when questions
are vaguely phrased or involve concepts outside the CLIP vo-
cabulary, the weighting effectiveness may degrade; (2) although
the top-down orthographic projection achieves efficient global
coverage, it inevitably loses vertical occlusion and stacking in-
formation (e.g. objects on multi-level shelves), limiting the per-
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ception of depth-wise 3D details; (3) the current evaluation is
restricted to indoor scenes, and the generalisation of the method
to outdoor large-scale environments remains to be validated.
Future work will extend the evaluation to outdoor large-scene
benchmarks and explore stronger language model backbones
together with more flexible multi-view 2D feature fusion strate-
gies to further improve the generality of our approach.
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