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Object Perception

What color is the 

wooden door? Answer 

the question using a 

single word or phrase. 

<Answer> Brown. </Answer> 

Relationship Perception

Where does the coffee 
table set? Answer the 
question using a single 
word or phrase.

<Answer> In front of the 
couch. </Answer> 

Scene Perception

Please describe the scene in 
detail.

<Answer> In the room, a beige 
couch with cushions is placed 
far from a dark stove, near a 
lamp, and a brown rectangular 
wooden door ... </Answer> 

Visual Grounding

Please share the ID of object 

that fits the description “The TV 

setting on the stand”.

<Answer> This object is 
<OBJ092> </Answer> 

Level 1: Spatial Perception —— “ What is there? ”

Level 2: Spatial Analysis —— “ What does it mean? ”

Object Analysis

What are the key visual features 
of the furniture piece located 
near the round table, and how 
does it relate spatially to the 
surrounding items in the space?

Scene Analysis

Based on furniture placement and arrangement, 
what key activities can this room support?

<CoT> <SI> The room has a curved couch 
centrally positioned with a coffee table and 
additional chairs, creating a seating area for 
casual conversation and temporary relaxation. 
<SI> The coffee table can be used for placing 
drinks or media. <SI> There is no visible dining 
table, shelf or desk, indicating no dedicated 
workspace or dining area. This setup mainly 
supports casual leisure. </CoT>

<CoT> <SI> The furniture piece is a chair 
characterized by rounded backrest and wooden 
texture. <SI> It is located next to round table 
and a small rug, suggesting it is part of seating 
area, indicating its use for seating during 
relaxing or gatherings. </CoT>

<Answer> This object is a wooden chair with 
backrest. It is near the round table and a small 
rug, suggesting it is intended for relaxing or 
gatherings. </Answer>

<Answer> The room arrangement supports 
conversation and relaxation, with seating area 
composed of couch, chairs and table. The coffee 
tables serve to drinking or small-task. No 
workspace or dining zone is apparent. </Answer>

Relationship Analysis

What is the spatial relationship 
between the curved couch at [2.4, 
1.8, 1.0] meters and brown table at 
[3.3, 3.0, 0.3] meters?

<CoT> Calculate distance using coordinates: 
sqrt((3.3-2.4)^2 + (3.0-1.8)^2 + (0.3-1.0)^2) ≈ 
1.7m. The x and y differences show the couch 
is left and forward. </CoT>

Implicit Detection

Which tan-colored item near the sofa is used to 
serve as surface for placing TV remote control?

<CoT> This tan table (<OBJ009>) 
near the sofa and TV closely matches 
these criteria. <SI> Its position near 
the sofa aligns with spatial 
requirement, table can be used to 
place TV remote control match 
functional description, confirming it 
as target object. </CoT>

<Answer> The Euclidean distance between 
the curved couch and brown table is 
approximately 1.7 meters; the couch is left and 
slightly in front of the table. They are tightly 
attached to each other. </Answer> <Answer> It is <OBJ009>. </Answer>

Level 3: Spatial Planning —— “What should I do? ”

Un-situated Planning

How can I adjust room settings to take a brief relax after entering room?

<CoT> <SI> The room contains a wide couch, 
a ceiling lamp near the couch, and a radiator 
along the wall. First, turn on the ceiling lamp 
for lighting, so that you can adjust the 
radiator control for proper temperature. Then, 
dim the ceiling lamp and lie down on the 
couch as it offers comfort space. </CoT>
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Situated Planning

Standing near a wide, curved seating area, I want to sit down for relaxation, 
and then set up a portable folding table beside me. Is it feasible to do both 
actions here?

<CoT> <SI> The wide seating area provides ample 
ergonomic support for sitting down. <SI> However, the 
nearby area is occupied by trash can and wooden table, 
making it difficult to place a portable folding table. 
Therefore, sitting down is feasible, but placing a portable 
folding table is constrained by limited area. </CoT>

Occupied Area

<Answer> Sitting down is feasible because curved couch 
provides ergonomic support. However, placing a 
portable folding table may be difficult due to occupied 
area and furniture placement. </Answer>

<Answer> Begin by turning on the ceiling 
lamp and adjust the radiator, then dim the 
ceiling lamp and lie down on the wide couch 
to take a brief rest. </Answer>

Figure 1: SCoT provides 1.1M cases to supervise 3D-LLMs in learning spatial perception, analysis,
and planning. Beyond query–answer pairs, each analysis and planning case explicitly includes a
Chain-of-Thought (CoT) annotation grounded in the scene context.

∗The first two authors contribute equally.
†Corresponding Authors.
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ABSTRACT

Recent advances in 3D Large Language Models (3D-LLMs) show strong potential
in understanding and interacting with 3D environments, yet their training data
typically lack explicit reasoning processes, limiting complex spatial reasoning
and task planning. To address this, we annotate SCoT, a million-scale Chain-
of-Thought dataset spanning three levels: a) Spatial Perception (what is there),
recognizing object properties, relations, and scene attributes; b) Spatial Analysis
(what does it mean), inferring rationality, functionalities, and physical implications;
c) Spatial Planning (what should I do), integrating perception and reasoning
for actionable strategies. Unlike prior datasets supervising only answers, SCoT
annotates intermediate reasoning grounded in scene cues, specifically for analysis
and planning tasks. Results show that CoT supervision greatly benefits complex
analysis and planning but induces hallucinations and accuracy drops in simple
perception. These findings highlight both the necessity and the nuanced challenges
of scene-grounded reasoning for advancing 3D intelligence. The dataset and code
are available at https://github.com/WHU-USI3DV/SCoT.

1 INTRODUCTION

The burgeoning field of 3D Large Language Model (3D-LLM) learning aims to equip LLMs with
a human-like understanding of and ability to interact with the three-dimensional world. While
LLMs have revolutionized text and 2D image understanding, their extension into 3D realms remains
superficial. Current 3D-LLMs are primarily trained on datasets that provide only question-answer
(Q-A) pairs (Table 1), effectively teaching models to recall and associate but not to reason. This
paradigm reduces powerful models to black boxes that output answers without transparency into their
decision-making processes, severely limiting their reliability and applicability in real-world scenarios,
such as robotics and embodied AI, where trust and verifiability are paramount.

Chain-of-Thought (CoT) reasoning is a powerful method for enhancing model transparency, achieving
remarkable success in textual and 2D visual domains. However, its direct transfer to 3D understanding
is non-trivial. Unsupervised CoT frequently produces rationales that are linguistically plausible but
scenically ungrounded, relying on linguistic priors rather than actual 3D evidence. This results
in a new type of black box: one that appears interpretable yet fails to remain faithful, ultimately
undermining trust (Huang et al., 2025c).

Answer: Two. (Ground Truth: Two)

Answer: One. (Ground Truth: Two)

CoT: The question asks how many water 
fountains are to the left when facing two 
ottomans in front. One water fountain is 
mentioned on the left side. Therefore, 
there is one water fountain to the left.

Answer by Direct Perception

Answer with Formal CoT
Water Fountain 2

Question: I drank from the water 
fountain to my left and in front of me 
were two ottomans. How many water 
fountains to my left?

Water Fountain 1

Figure 2: Overuse of CoT in simple perceptual tasks
can introduce hallucinations, overlooks, and errors.

Thus, some existing works annotate CoT
chains to enforce scene-grounded CoT. Yet,
these methods suffer from two key limita-
tions. First, they do not differentiate be-
tween simple perceptual tasks and com-
plex reasoning tasks. However, we em-
pirically show that indiscriminately apply-
ing CoT to simple perceptual tasks—where
direct observation suffices—can add un-
necessary complexity and induce hallucina-
tions (Huang et al., 2025b; Liu et al., 2025a;
2024b), yielding 4.9% accuracy drop as
shown in Table 2 and Fig. 2. Second, their
limited scale in Table 1, prevents models from learning diverse and robust reasoning patterns.

To address these issues, we first introduce a principled three-tier taxonomy that reflects a natural
progression in task complexity and explicitly dictates when CoT should be employed—enhancing
reasoning where needed while avoiding overcomplication where unnecessary:

• Spatial Perception ("What is there?"): This layer focuses on foundational scene understanding,
including object properties (e.g., color, shape), object-to-object relations (e.g., left of, supporting), and
global scene attributes (e.g., furniture composition). Since these tasks require few inference beyond
direct observation, we supervise the model using answer-only training to strengthen its grounding in
visual evidence, avoiding unnecessary CoT that could introduce hallucinations.
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• Spatial Analysis ("What does it mean?"): At this level, the model must interpret perceived elements
by integrating them with world knowledge. Tasks include inferring functionality, causality, physical
stability, and spatial logic (e.g., “This is a dining room because the table is surrounded by chairs”).
Here, we introduce CoT to explicitly guide the model through structured reasoning steps.

• Spatial Planning ("What should I do?"): The highest layer requires synthesizing perception and
reasoning into actionable plans. The model must generate sequential strategies for embodied agents
(e.g., “To clean this room, first pick up the clothes, then. . . ”). For these tasks, CoT is essential to
articulate the logical flow from observation to action.

Guided by this taxonomy, we construct SCoT (Spatial Chain-of-Thought), a million-scale dataset
designed to teach 3D-LLMs how to think spatially, not just what to answer. For analysis and planning,
SCoT asks CoT reasoning grounded on real scene information. To build it, given a scene, we first
construct a scene context. Specifically, the scene is decomposed into objects, represented as a scene
graph, and described with rich textual descriptions. Together with the BEV scene image, this scene
context is used to prompt an VLM to generate “Question–CoT–Answer” samples. To explicitly
demonstrate how CoT reasoning leverages scene information, we require the CoT to be grounded in
the scene context and introduce a dedicated <SI> token. Whenever scene information (e.g., object
properties, spatial relationships, structural attributes) is utilized, it must be cited with an <SI> tag. In
this way, the CoT transforms vague assertions into verifiable, grounded claims. For instance, instead
of stating “The table is too small”, the model is expected to reason as follows: “The table <SI>(with
a width of 0.8m)</SI> is too small to fit <SI>all six chairs (each 0.5m wide)</SI> around it.”

We train the baselines and a self-designed model on this SCoT dataset. Experiments demonstrate
that SCoT, evolving from answer-supervised to grounded-CoT training, achieves significant perfor-
mance gains across benchmarks. More importantly, it yields models whose reasoning processes are
transparent, faithful to the scene, and fundamentally more explainable and trustworthy.

2 RELATED WORK

3D Large Language Models. LLMs show strong reasoning and dialogue abilities, and extending
them to 3D perception has become a key paradigm for natural language interaction in 3D environments.
Early point-cloud LLMs (Xu et al., 2024; Guo et al., 2023; Wang et al., 2023) align point clouds
with text to support object-level queries, but struggle with scene-level reasoning. Hybrid 3D Vision-
Language models (Zhu et al., 2024; Deng et al., 2025) combine multi-view image features from 2D
backbones (e.g., LLaVA (Liu et al., 2023)) with 3D position-aware point cloud features, while Video
LLMs (Huang et al., 2024; Zheng et al., 2025) incorporate 3D spatial cues into video representations
to capture semantics and relations, enabling more complex spatial reasoning.

Trainsets for 3D-LLM. Advances in 3D-LLM have driven the creation of 3D-Language datasets
linking 3D perception with natural language. Early works introduced task-specific benchmarks
for captioning (Chen et al., 2021; Jia et al., 2024), question answering (Azuma et al., 2022; Ma
et al., 2022; Zhao et al., 2022; Linghu et al., 2024), and grounding (Chen et al., 2020; Zhang et al.,
2023; Achlioptas et al., 2020). However, these resources restrict cross-task transfer in 3D LLMs.
Recent efforts have shifted toward large-scale multi-task datasets (Li et al., 2023; Wang et al., 2024;
Lyu et al., 2024; Yang et al., 2025a; Huang et al., 2025a; Zhang et al., 2025; Gong et al., 2025),
supporting dense captioning, multi-turn dialogue, and embodied planning. 3D-CoT (Chen et al.,
2025) further emphasizes reasoning by adding CoT annotations for object-level tasks, yet remains
limited to object-centric understanding. Importantly, most datasets still lack explicit reasoning traces
or grounding in 3D evidence, leaving scene-level CoT reasoning largely unexplored.

Chain-of-Thought Reasoning. CoT prompting (Kojima et al., 2022; Wei et al., 2022) has proven
effective in eliciting step-by-step reasoning for text tasks. Reinforcement learning further strengthens
CoT reliability, as shown in OpenAI o1 (Jaech et al., 2024) and DeepSeek-R1 (Guo et al., 2025).
Inspired by these successes, recent work extends CoT to vision-language models (Yang et al., 2025b;
Huang et al., 2025d; Shen et al., 2025; Peng et al., 2025; Liu et al., 2025b). In 3D-LLM, CoT reasoning
remains nascent but promising: approaches such as 3D-R1 (Huang et al., 2025c), SpaceR (Ouyang
et al., 2025), and Spatial-MLLM (Wu et al., 2025) augment datasets with CoT annotation or apply
reinforcement learning with task-specific rewards, achieving chain-based outputs. Yet, current studies
are constrained by dataset scale, task diversity, and transparency, highlighting the need for broader,
high-quality 3D CoT resources covering perception, reasoning, and planning.
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Table 1: Comparison of SCoT dataset and the existing 3D large language model train sets. “M.3D.”
means the Matterport3D dataset, “3RS.” means the 3RScan dataset, “M.S.” means the MultiScan
dataset, “S.3D.” means the Structured3D dataset, “P.T.” means the ProcTHOR dataset, “Obj.” means
the Objaverse dataset, “ARK.” means the ARKitScenes dataset, “3D.F.” means the 3D-Front dataset.
“Reasoning” refers to the reasoning process besides the final answer.

Dataset Source Scene Size Reasoning Tasks

ScanRefer (ECCV 2020) ScanNet 800 32k Grounding
Scan2Cap (CVPR 2021) ScanNet 800 32k Caption
ScanQA (CVPR 2022) ScanNet 800 27k QA
SQA3D (ICLR 2023) ScanNet 800 33k QA
3D-LLM (NeurIPS 2023) ScanNet 1513 659k Multiple Tasks
EmbodiedScan (CVPR 2024) ScanNet, M.3D. 5185 1M Multiple Tasks
M3Dbench (ECCV 2024) ScanNet, M.3D. 700 327k Multiple Tasks
SceneVerse (ECCV 2024) ScanNet, 3RS., M.S., S.3D., P.T. 97000 2.4M Multiple Tasks
LEO (ICML 2024) ScanNet, 3RS., M.S., Obj. 3000 513k Multiple Tasks
MSR3D (NeurIPS 2024) ScanNet, 3RS., ARK. 1700 251k Multiple Tasks
3D-GRAND (CVPR 2025) ScanNet, S.3D., 3D.F. 40000 6.2M Multiple Tasks

3D-CoT (Arxiv) - - 1.6M ✓ Object QA
3D-R1 (Arxiv) ScanNet, 3RS., M.S., S.3D., P.T. 1513 30k ✓ Multiple Tasks
SpaceR-151k (Arxiv) ScanNet, General Image and Video - 151k ✓ Multiple Tasks
Spatial-MLLM-120k (NeurIPS 2025) ScanNet, ARK. - 120k ✓ Multiple Tasks
SCoT (ours) ScanNet 800 1.1M ✓ Multiple Tasks

3 SCOT CONSTRUCTION

With approximately 1.1 million samples, SCoT provides grounded factual descriptions and reasoning
chains spanning 3D intelligent tasks. We first introduce our three-tier taxonomy of 3D task classifica-
tion to analyze their core characteristics and suitability for CoT reasoning. Based on this taxonomy,
we construct task-specific “Query–CoT–Answer” data and introduce our quality control procedures.

3.1 TASK TAXONOMY

Spatial Perception (240K samples) tells “What is there”. It only requires basic scene observation.
We reveal that excessive use of CoT introduces hallucinations in perception tasks, as shown in Sec.
5.2. Therefore, by default, we discard CoT and adopt answer-only supervision for perception. We
provide CoT-annotated perception data to validate this observation empirically. The perception tasks
include: (a) Object Perception: Identifying explicit properties of individual objects (color, shape,
size, spatial location); (b) Relationship Perception: Recognizing spatial and semantic relationships
between objects (adjacency, containment, support); (c) Scene Perception: Understanding holistic
scene attributes (room type, furniture composition, global arrangements); (d) Visual Grounding:
Localizing objects based on text descriptions explicitly mentioning the object.

Spatial Analysis (460K samples) tells “What does it mean”. It requires inference beyond direct
observation, incorporating logical and quantitative reasoning chains grounded in 3D contexts, includ-
ing: (a) Object Analysis: Conducting in-depth analysis of specific objects, including their attributes
beyond visualization and potential functions; (b) Relationship Analysis: Quantitatively assessing
relationships between object pairs by calculation (e.g., relative distances, orientations, topological
dependencies); (c) Scene Analysis: Human-like reasoning at the scene level, such as layout evaluation,
capacity analysis, space assessment, or improvement suggestions; (d) Implicit Detection: Localizing
objects based on implicit text descriptions without explicit name or semantic mentions.

Spatial Planning (390K samples) tells “What should I do”. It involves action sequencing and task
execution planning within realistic environmental constraints, including: (a) Un-situated Planning:
Planning and decision-making under additional requirements (e.g., power outages, blockages, water
supply interruptions) without giving the situated conditions, requiring to decompose complex objec-
tives into manageable sequential steps; (b) Situated Planning: Assessing the feasibility and procedure
for executing a specified task, given the agent’s current state (including its position, orientation, and
ongoing activities), allowing the use of spatial terms and interaction-based analysis.

This structured taxonomy enables comprehensive coverage of 3D reasoning capabilities, from basic
perception to complex planning. Most tasks in existing 3D vision-language benchmarks can be
mapped to one or more of these categories. By providing a unified framework for task definition and
evaluation, the SCoT dataset facilitates systematic and interpretable implementation of 3D LLMs.
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Building Scene Context

Images (Obj.) Images (Sce.) Structured Texts

Multi-modality Scene Context

Point Cloud & Object Proposals 

Building QA Pairs with CoT

…

Scene Context Existing Q-A Pairs

BEV Map

…

Scene Graph VLM-based Data Generation

Prompt 1 <Question Rewriting>:

Prompt 2 <Answering with CoT>:

ChatGPT 4.1

Please answer with CoT following : i) identify the task
goal. ii) analyze current state or constraints … iii)
leverage scene information to… iv) provide the answer.

Please rewrite the questions avoiding directly naming the 
target object, considering its reference attributes such as 
the object's functionality or contextual role …

Scene Analysis Situated Planning 

Visual Evidence

Structured Texts

Object Analysis 

Quality Control

Statistical Information

Question: What 
color is the chair?

Answer: Brown.

Question: What are the visual features of the object near the desk, how 
does its location relative to the surrounding furniture suggest its daily use?
CoT: <SI> The object is a cushioned chair with a low backrest, covered in 
a brown fabric. <SI> It is located near the desk. <SI> Its placement and 
soft materials imply it is designed for resting or working ...

Answer: The object is a cushioned chair with brown color, designed for 
resting or non-collaborative working within a small environment.

Object-3: chair, at (0.2,0.4,0.5).
Object-1: desk, at (1.0,0.4,1.1).
Relationship: Object-3 is 0.8m
to the left of Object-1 …

35.7%

42.2% 22.1%

Task
Taxonomy

Spatial Perception (240k)

Spatial Analysis (460k)

Spatial Planning (390k)

Object Perception

Relationship Perception

Scene Perception

Visual Grounding

Scene Analysis

Un-situated Planning

Situated Planning

Implicit Detection

Object Analysis

Relationship Analysis

Sub-Task 
Category

LLM Cross-Check<SI> Check
Scene 1

Scene N
…

<SI>

91k

20k

33k

96k

280k

275k

115k

65k

60k

55k

Figure 3: Annotation and data statistics of SCoT. SCoT first constructs a detailed scene context for
each 3D scene as input to the VLM, then prompts the VLM to generate Query–CoT–Answer cases
grounded in the scene. In total, we built 1.1M samples spanning perception, analysis, and planning.

3.2 DATA GENERATION

As discussed above, for Spatial Perception tasks, we collect and adapt existing Q-A pairs from
publicly available 3D-VL benchmarks, specifically ScanRefer, ScanQA, SQA3D and Scan2Cap. For
Spatial Reasoning and Planning tasks, we leverage advanced VLMs to generate Q-A pairs along
with CoT reasoning chains. The CoT generation process begins by providing the VLM with rich
descriptions of 3D scene context, including object location, spatial relationships, and global layout
information. Using this context, the VLM is guided to generate “Query–CoT–Answer” samples that
incorporate multi-step reasoning and in-depth scene analysis.

Building Scene Context. Given a 3D scene, we first segmented it into object proposals. Each object
is assigned a bounding box and a semantic label. These objects are organized into a scene graph,
where nodes represent objects and edges encode spatial relations such as adjacency, support, and
relative direction. These attributes are serialized into textual templates (e.g., “Object-3 [chair, at
(0.2, 0.4, 0.5)] is 0.8m to the left of Object-1 [desk, at (1.0, 0.4, 1.1)]”). In parallel, the scene is
projected into a 2D Bird’s-Eye View (BEV) map, where each object is highlighted with a unique
identifier and bounding box. Local object-centric crops and global scene images further supply visual
evidence. Finally, all elements above are consolidated and expressed as structured texts paired with
visual evidence, serving as our multi-modality scene context with rich scene information.

Building QA Pairs with CoT. Existing datasets typically provide only simple answer supervision,
leaving the thinking process as a black box. To construct explicit reasoning traces, we leverage the
powerful capabilities and knowledge of VLMs. Specifically, we provide the VLM with the scene
context as a reference, together with a simple Q-A pair for expansion by the following two steps:

• Question Rewriting: In existing datasets, queries often explicitly mention target objects by name,
which allows the LLM to directly locate the object and makes the reasoning process trivial. To fully
stimulate 3D-LLM’s scene perception and reasoning ability, we need to prepare queries avoiding
directly naming the target. Instead, the queries should reference attributes such as the object’s
functionality or contextual role. For example, “What color is the chair?” is reformulated as “What
are the visual features of the object near the desk, how does its location relative to the surrounding
furniture suggest its daily use?” In tasks related to spatial planning, VLM is further prompted to infer
object states or simulate real-world conditions.

• Answering with CoT: The VLM needs to provide step-by-step reasoning chains to reach the answer,
transforming concise responses into comprehensive logical explanations. To maintain quality and
consistency, we prompt the VLM to answer with: “i) identify the task goal. ii) analyze the current
state or constraints and extract the object and scene content. iii) leverage scene information to form
the basis for spatial analysis or planning. iv) finally, provide the answer.”

Asking CoT Explicitly Grounded on Scene Context. Naive CoT has a risk of hallucination and
superficial reasoning, where generated rationales may appear logically consistent but are detached
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Table 2: Results on SCoT-Perception tasks with or without perception CoT supervision. “CoT” means
using CoT annotations in the perception tasks. The model is SCoT-Reasoner.

CoT
ScanRefer Multi3DRefer Scan2Cap ScanQA SQA3D

Acc@0.25 Acc@0.50 F1@0.25 F1@0.50 CIDEr@0.5 B-4@0.5 CIDEr B-4 EM EM

58.4 53.4 60.1 55.7 79.6 38.2 87.9 15.0 23.0 55.8
✓ 56.4 51.3 53.5 49.3 75.7 35.8 73.4 13.1 21.9 47.4

Table 3: Overall performance comparison on SCoT-Analysis tasks requiring text output. "R.",
"M.", "Exp.", "Fai." and "Tru." are abbreviations for "ROUGE-L", "METEOR", "Explainability",
"Faithfulness" and "Trustworthiness", respectively. Note that the score range for "Explainability",
"Faithfulness", and "Trustworthiness" metrics is from 1 to 10. “(CoT)” means the method trained
with “Full SCoT Setting”, and the counterpart without it is trained with “Answer-Only Setting”.

Method
Object Analysis Relationship Analysis Scene Analysis

R. M. Exp. Fai. Tru. R. M. Exp. Fai. Tru. R. M. Exp. Fai. Tru.

Chat3D V2 24.91 15.42 6.71 5.15 6.08 26.03 13.48 4.71 3.45 4.10 20.38 13.16 6.73 6.48 6.52
Chat3D V2 (CoT) 25.18 15.76 6.93 5.50 6.35 26.23 14.91 4.87 4.07 4.54 21.55 13.97 6.74 6.43 6.58

Video 3D LLM 19.72 12.93 6.84 5.02 5.97 25.71 14.07 4.42 3.03 3.98 22.01 12.79 7.28 7.01 6.92
Video 3D LLM (CoT) 20.57 14.07 7.02 5.43 6.24 26.90 14.92 4.74 3.11 4.02 22.85 13.06 7.72 7.33 7.37

Chat Scene 26.11 15.57 6.35 5.32 5.63 27.17 15.63 4.98 4.32 4.45 21.84 14.04 7.71 7.20 7.23
Chat Scene (CoT) 26.98 15.80 6.75 5.80 6.07 28.40 16.15 5.62 5.29 5.30 22.72 15.10 7.80 7.51 7.49
SCoT-Reasoner 27.34 15.62 6.67 5.59 5.89 29.71 16.41 5.19 3.77 4.23 22.59 14.68 7.82 7.32 7.45

SCoT-Reasoner (CoT) 27.22 16.17 7.04 6.15 6.41 30.69 16.60 5.77 5.34 5.41 23.48 15.29 7.95 7.55 7.68

from actual scene content, even scene contexts were provided. We thus introduce a <SI> (Scene
Information) tagging mechanism in CoT generation process, the VLM is strictly prompted to explicitly
insert <SI> at every step in the reasoning chain where scene-derived information (e.g., object
properties, spatial relations or scene layout) is utilized, as illustrated in Fig. 1.

On the one hand, this approach enforces grounded reasoning, requiring the reasoning process to
remain faithful to the visual context; samples with insufficient or incorrect use of <SI> tags are
discarded. On the other hand, it enhances traceability, enabling users and developers to verify which
elements of the scene underpin each inference.

3.3 QUALITY CONTROL

Besides the above <SI> check, to improve reliability of SCoT, we perform LLM-based cross-check.
We first employ ChatGPT-4.1 (Achiam et al., 2023), Qwen (Bai et al., 2023) and DeepSeek (Liu
et al., 2024a) as independent agents. During cross-check process, if any of the agents identify issues
(e.g., ill-posed question, incorrect or misleading CoT, ambiguous answer, or inconsistencies between
the scene facts and answer or CoT), these samples are flagged and removed. This strict procedure
ensures that the SCoT dataset maintains the highest standards of data quality and factual consistency.

Afterwards, we conduct manual accuracy evaluation. We randomly select 50 samples for each task
among trainset, resulting in a total of 500 samples to undergo manual checking. After excluding
problematic cases, 447 samples are retained, yielding an acceptance rate of approximately 90%.

4 TRAINING 3D-LLMS WITH SCOT
3D-LLM Selection. To more comprehensively validate SCoT, we train and evaluate various 3D-LLM
architectures on SCoT, including 3D VG Transformer (Zhao et al., 2021), Chat 3D V2 (Huang et al.,
2023), Chat Scene (Huang et al., 2024), and Video 3D-LLM (Zheng et al., 2025). Introductions to
these baselines are provided in the Appendix (Sec.A.8). Moreover, we find that most prior methods
focus on a single spatial modality (e.g., point clouds or images). To more comprehensively evaluate
the effectiveness of SCoT, we additionally design SCoT-Reasoner, a unified framework supporting
multimodal inputs such as images and point clouds. Its architecture and implementation details are
provided in the Appendix (Sec.A.2).

Training Strategy. We adopt a two-stage training strategy to effectively integrate structured reasoning
into 3D-LLMs. In the first stage, the model is trained on spatial perception samples from SCoT to
establish a robust understanding of object properties, relationships, and scene structure. In the second
stage, the model is fine-tuned on spatial analysis and planning tasks, where it learns to generate
explicit, step-by-step reasoning chains grounded in scene information.
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Table 4: Overall performance comparison on SCoT-Planning. "R.", "M.", "Exp.", "Fai." and "Tru." are
abbreviations for "ROUGE-L", "METEOR", "Explainability", "Faithfulness" and "Trustworthiness",
respectively. Note that the score range for "Explainability", "Faithfulness", and "Trustworthiness"
metrics is from 1 to 10. “(CoT)” means the method trained with “Full SCoT Setting”, and the
counterpart without it is trained with “Answer-Only Setting”.

Method
Situated Planning Un-situated Planning

R. M. Exp. Fai. Tru. R. M. Exp. Fai. Tru.

Chat3D V2 23.93 12.21 6.38 6.18 6.33 28.69 16.44 6.08 5.88 6.03
Chat3D V2 (CoT) 24.95 13.01 6.65 6.34 6.56 28.99 16.23 6.35 6.04 6.26

Video 3D LLM 21.66 11.79 6.02 5.87 5.91 26.82 14.29 6.20 6.07 5.74
Video 3D LLM (CoT) 21.34 12.35 6.31 6.10 6.00 27.29 15.90 7.01 6.45 6.19

Chat Scene 24.87 12.92 6.47 6.49 6.35 27.73 16.09 6.80 6.94 6.72
Chat Scene (CoT) 25.02 13.26 7.02 7.05 6.95 27.24 16.16 6.96 7.08 6.91
SCoT-Reasoner 24.21 12.37 6.64 6.09 6.30 28.01 18.35 6.97 6.93 6.76

SCoT-Reasoner (CoT) 25.13 13.06 7.38 6.94 7.14 29.04 18.11 7.27 7.29 7.15

5 EXPERIMENTS

5.1 EXPERIMENTAL PROTOCOLS

Settings. To ensure a comprehensive evaluation of SCoT, each model in Section 4 is re-trained in
two distinct configurations: (a) Full SCoT Setting: Models are trained using the complete SCoT data,
including both answers and structured CoT sequences. (b) Answer-Only Setting: Models are trained
using only the final answers from SCoT, with CoT sequences removed, to ablate and evaluate the
specific contribution of CoT supervision. All the experiments are implemented with PyTorch on a
single NVIDIA A100 GPU. Training process of the first and second stage takes about 6 and 28 hours
to converge, respectively. All other settings are guaranteed the same for a fair comparison.

Datasets. To facilitate a comprehensive evaluation of model capabilities across different cogni-
tive levels, we split the SCoT test set into three dedicated subsets: (a) SCoT-Perception is curated
from existing public datasets, incorporating simple Q-A pairs from ScanQA, SQA3D, ScanRefer,
Multi3DRefer, and Scan2Cap. It focuses on tasks such as visual question answering, caption gener-
ation, and explicit visual grounding, serving to evaluate basic scene perception and understanding.
(b) SCoT-Analysis aims to assess model capabilities in object-centric, relationship-oriented, and
scene-level reasoning, as well as implicit detection. This test set contains only final answers without
chain-of-thought sequences, enabling pure outcome-based evaluation. (c) SCoT-Planning is designed
to evaluate un-situated and situated planning abilities. Similarly, it provides only final answers
without intermediate reasoning chains, focusing the assessment on plan correctness and feasibility.

Metrics. For Traditional Metrics, we report Acc@0.25 and Acc@0.50 for grounding tasks. For text-
based tasks, we adopt metrics including BLEU, ROUGE-L, METEOR, EM, and CIDEr. However,
these metrics are proven unstable for only capturing text similarities (Qi et al., 2025; Lovin, 2025).

Thus, we further adopt more reliable Comprehensive Metrics. Motivated by recent works (Qi et al.,
2025; Lovin, 2025), we introduce three comprehensive criteria evaluated by LLMs: (a) Explainability:
Measures the clarity and logical coherence of the response, ensuring the reasoning process is
transparent and easy to follow; (b) Faithfulness: Evaluates whether the response remains strictly
grounded in the provided scene evidence without introducing unsupported claims or hallucinations;
(c) Trustworthiness: Assesses the overall credibility and reliability of the answer, considering both
factual accuracy and presentation style. We prompt ChatGPT, Qwen, and DeepSeek as evaluators.
Each model receives the generated response, ground truth, and relevant scene context. Each criterion
is rated on a scale of 1− 10, with final scores averaged across all evaluators. For MSQA, we report
the average correctness score across test sets following Linghu et al. (2024).

5.2 QUANTITATIVE RESULTS

SCoT-Perception. Consistent with analysis in Sec.3.1, supervising CoT construction for simple
perception tasks leads to 4.9% performance drop, as shown in Table 2. In these cases, linguistic priors
may override scene-grounded cues, while the forced multi-step reasoning introduces unnecessary
steps that further increase hallucinations. More results on SCoT-Perception with multiple baselines
are provided in the Appendix (Sec.A.5).
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What distinctive features does the screen-bearing device have, and where is it 
positioned relative to ambient furniture and the room’s layout?

(a) <CoT> (1) The task goal is to describe the distinctive features of the screen-bearing 
device and its position relative to the room layout. (2) The target object is a monitor. 
(3) <SI> The monitor has a rectangular shape with a dark frame and a black screen 
surface.  <SI> It is placed on a desk located near the upper right corner of the room. 
<SI> This desk is surrounded by other furniture such as chairs and shelves, 
indicating a workspace or study area. (4) By observing these spatial and visual cues, 
the monitor’s design and placement suggest it functions as a display device for 
computing tasks in the office. </CoT> 

<Answer> The object is a flat, rectangular screen with a dark frame and a black 
screen surface. It is positioned on a desk near the upper right corner of the room, 
adjacent to other furniture like chairs and shelves. It likely serves as a display 
device for computing tasks. </Answer>

(b)
What activities does the current layout support, and how do the spatial arrangement 
and furniture types contribute to the multifunctional use of the room?

<CoT> <SI> The room contains a central table surrounded by multiple chairs, 
indicating a setup conducive to group discussions or meetings. <SI> Along the walls, 
there are bookshelves and a blackboard, which support activities such as reading or 
presentations. <SI> The spatial arrangement clusters seating around the table, 
facilitating face-to-face interaction, while peripheral furniture like the bookshelf and 
blackboard allow for individual or small group tasks. This multifunctional layout 
supports both collaborative and solitary uses effectively.  </CoT> 

<Answer> The layout supports group discussions or meetings due to clustered seating 
around a central table.  Peripheral elements like bookshelves and a blackboard enable 
reading or presentations, making the space multifunctional for both collaborative and 
individual tasks. </Answer>

What is the spatial relationship, including the relative direction and distance, between the 
kitchen cabinets (located at [3.1, 0.7, 2.0]m) and the microwave (at [3.1, 0.6, 1.7]m) ?

<CoT> Calculate euclidean distance using theses two object coordinates:

(3.1m−3.1m)2+(0.7m−0.6m)2+(2.0m−1.7m)2  ≈  0.3m. Then, based on the direct 
comparison of coordinates, the kitchen cabinets (at [3.1, 0.7, 2.0]m) are above the 
microwave (at [3.1, 0.6, 1.7]m). </CoT> 

(c)

<Answer> The kitchen cabinets are 0.3 meters away from the microwave, positioned 
directly above and slightly behind it. </Answer>

Which object with a dark rectangular 
shape is placed for viewing content on a 
round surface near a lighting source?

<CoT> <SI>The object <OBJ001> with 
a dark rectangular shape is identified as 
a monitor, which is typically used for 
viewing content. <SI> It is positioned on 
a round surface, likely a desk or table, 
near a lighting source such as a lamp. 
This placement and function align 
perfectly with the description. </CoT> 

Which blue item used for collecting 
recyclable materials is positioned near 
the area for eating and a countertop, 
placed on a white floor covering? 

<CoT> The object is a recycling bin 
characterized by its blue color, suitable for 
collecting recyclable materials. <SI> And 
it is positioned near the dining or eating 
area and adjacent to a countertop on a 
white floor covering. These spatial and 
categorical clues confirm it as the correct 
target. </CoT> 

<CoT> <SI>The object used for entering 
or exiting the room must be a door with a 
handle positioned on its right side. <SI> 
It should be located to the left of the 
window covering, which is typically a 
curtain. The object identified as a door 
fits this description, confirming it as 
correct choice. </CoT> 

Which object, used for entering or 
exiting the room with its handle 
positioned on the right side, is located 
to the left of the window covering?

(d) (e) (f)

<Answer> <OBJ001> </Answer> <Answer> <OBJ054> </Answer> <Answer> <OBJ002> </Answer>

Figure 4: Representative qualitative results on spatial analysis tasks with CoT setting. (a) object
analysis, (b) scene analysis, (c) relationship analysis, (d-f) implicit detection.

SCoT-Analysis and SCoT-Planning. Table 3 and Table 4 summarize the performances of baselines
trained with or without CoT supervision. Consistent with conclusions obtained in previous stud-
ies (Wei et al., 2022), models with smaller parameter scales, such as 7B, exhibit minimal differences
in held-in-text similarity metrics. For instance, the SCoT-Reasoner with CoT setting yields only
modest enhancement over the non-CoT setting in text similarity metrics, with average improvement
of 0.74% in ROUGE-L and 0.36% in METEOR. However, training with CoT consistently leads to
substantial gains in comprehensive scores, with average increases of 6.21%, 11.74%, and 10.02% in
explainability, faithfulness and trustworthiness, indicating the response answers generated after CoT
reasoning process align better with human-like cognition and achieve higher accuracy.

We further observe that CoT plays an indispensable role in the implicit detection task, as it enables the
model to infer the target object in implicit queries with statements that do not explicitly mention object
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Is it possible to clean the table if the light above it does not turn on, what methods 
can improve visibility for cleaning task?(a)

<CoT> <SI> The task goal is to clean an elevated table despite the light above it not 
turning on.  <SI> The scene shows a room with various furniture such as a bed, desk, 
chair, dresser, curtains and shelves. <SI> Natural light can enter through windows or 
open curtains, which can provide sufficient illumination if the overhead light fails. <SI> 
Portable light sources like lamps or flashlights can be used to enhance visibility. <SI> 
If natural light is insufficient, repositioning oneself closer to brighter areas of the room 
ensures better visibility. Thus, by utilizing alternative light sources or repositioning, the 
cleaning task remains feasible despite the non-functional overhead light.  </CoT> 

<Answer> Yes, you can proceed by using a portable light source or opening nearby 
curtains to increase natural light.  Alternatively, reposition yourself closer to brighter 
spots in the room to improve visibility while cleaning. </Answer>

I'm standing near a seating area with two couches and a small table. I want to prepare 
my work setup and start a video call on the screen positioned around a workspace. 
How can I arrange and use the equipment from this position to achieve that? (b)

<CoT> <SI> The seating area includes two couches and a small table. However, the 
current location is not in the workspace, so video call cannot be started directly. <SI> 
The screen is located on the desk in the workspace, and it is easily reachable from the 
seating area. <SI> Since there are no visible obstructions between the seating area and 
the desk with the screen, one can move directly to the desk to arrange the equipment 
needed for the video call. <SI> Then, adjusting the camera angle of the screen on the 
desk, ensures clear visibility during the video call.  </CoT> 

<Answer> From your position near the seating area, move to the desk where the 
screen is located. Adjust the camera angle if needed, then start the video call to 
communicate.  </Answer>

Figure 5: Results on planning tasks with CoT setting. (a) un-situated planning, (b) situated planning.

names before outputting the result. As shown in Table 5, the CoT setting significantly outperforms
the non-CoT setting, with improvements of 23.6% and 20.7% of Acc@0.25 and Acc@0.50 metrics
for SCoT-Reasoner, respectively.

5.3 QUALITATIVE RESULTS

Table 5: Quantitative results on implicit de-
tection task in SCoT-Analysis.

Method
Implicit Detection

Acc@0.25 Acc@0.50

3D VG Transformer 3.0 2.7
3D VG Transformer (CoT) 12.5 10.9

Chat Scene 6.7 5.3
Chat Scene (CoT) 26.9 23.2

Video 3D LLM 6.1 4.9
Video 3D LLM (CoT) 24.1 20.9

SCoT-Reasoner 8.6 7.7
SCoT-Reasoner (CoT) 32.2 28.4

Figure 3 presents qualitative results of SCoT-
Reasoner on the SCoT-Analysis test set, with addi-
tional cases provided in the appendix. For object
analysis in Fig. 4 (a), the model begins by interpret-
ing task objective in CoT, then extracts reliable scene
information, including object appearance, spatial po-
sition, and nearby objects, and uses this evidence to
infer the object’s potential function. For scene analy-
sis in Fig. 4 (b), its CoT thoroughly analyzes furniture
composition and spatial layout in CoT to infer the
room’s functional type. For relationship analysis, the
reasoning can also estimate inter-object distances and
relative orientations directly from numerical coordi-
nates, as shown in Fig. 4 (c). Fig. 4 (d-f) presents

qualitative results for implicit detection. When the query does not explicitly specify the object name,
the CoT can infer its category, evaluates its alignment with the description across multiple attributes,
and ultimately identify the correct target object.

For un-situated planning shown in Fig. 5 (a), when the light fails to function properly during the
cleaning task, the reasoning observes a curtained window and suggests opening it for natural light or
using a portable power source. For situated planning shown in Fig. 5 (b), CoT generates a multi-step
plan starting from the current location mentioned in the prompt to accomplish a complex goal.

5.4 GENERALIZABLE REASONING FROM SCOT

We further verify whether SCoT has truly learned transferable scene reasoning patterns rather than
merely memorizing ScanNet scenes or language templates. Based on the MSQA benchmark (Linghu
et al., 2024), we evaluate its generalizability from three perspectives.
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Table 6: Evaluation results on the MSQA test set under ScanNet and ARKitScenes environments. ‡
indicates zero-shot test. Methods annotated with “(·)” indicate the 3D-VL dataset used for model
training (e.g., “(SCoT)” or “(3D-R1)”), then is evaluated on MSQA to assess its generalization across
different 3D environments.

Method Counting Existence Attributes Spatial Navigation Others Overall

MSQA-ScanNet
(a) LEO 32.5 88.5 58.7 44.2 39.6 81.4 54.8
(b) MSR3D 32.3 93.1 50.0 46.5 54.1 75.6 54.2
(c) LEO-VL 39.3 92.7 56.9 59.3 59.7 82.8 61.7
(d) GPT-4o ‡ 32.3 79.3 79.0 37.0 31.7 91.6 52.3
(e) Chat Scene ‡ (3D-R1) 35.3 41.9 34.4 45.1 25.2 86.2 43.1
(f) Chat Scene ‡ (SCoT) 35.5 64.8 44.5 42.7 39.8 84.8 47.6
(g) SCoT-Reasoner ‡ (SCoT) 41.5 63.5 54.8 48.9 43.0 91.2 54.4

MSQA-ARKitScenes
(h) GPT-4o ‡ 37.5 55.2 48.1 37.7 21.0 60.7 41.0
(i) Qwen-VL ‡ 43.2 46.0 44.5 25.3 26.9 70.1 39.7
(j) SCoT-Reasoner ‡ (SCoT) 31.2 47.5 52.6 40.5 29.5 65.9 41.2

Q-A Format Pattern Generalization (ScanNet → MSQA–ScanNet). Although the underlying
scenes remain the same, the question formats, instruction modes, and description structures of
MSQA–ScanNet differ completely from SCoT. The results in Table 6 indicate that SCoT-Reasoner
(g), trained on SCoT dataset, achieves a score of 54.4, which is comparable to in-domain supervised
models like LEO (a) and MSR3D (b). Furthermore, it surpasses the zero-shot performance of large-
scale GPT-4o (d) by 2.1 points. These findings demonstrate that the inference process does not rely
on the language templates or annotation frameworks used during training; instead, it suggests that
SCoT has learned genuine scene logic and reasoning structures rather than mere textual patterns.

Cross-Scene Generalization (ScanNet → ARKitScenes). Scenes in MSQA–ARKitScenes dataset
have a completely different environment, sensor characteristics, and geometric quality from ScanNet.
As shown in Table 6, SCoT-Reasoner (j) trained with SCoT achieves a total score of 41.2 on
MSQA–ARKitScenes, outperforming the zero-shot capabilities of larger-scale LVLMs such as
GPT-4o (h) and Qwen-VL (i). Notably, it secures a +3.3 improvement in reasoning-intensive
categories like Attributes, Spatial, and Navigation. Qualitative results in Fig. 10 of Appendix further
reveal that the model can execute stable multi-step spatial reasoning even amidst major changes in
geometric structure and viewpoint. This indicates that the supervision provided by SCoT facilitates the
learning of spatial reasoning mechanisms that are transferable across domains, rather than structural
memorization of ScanNet.

Compared to Other Reasoning Datasets (SCoT vs. 3D-R1). To eliminate differences in models
and training strategies, we trained a third-party Chat Scene model (Huang et al., 2024) using 3D-
R1 (Huang et al., 2025c) and SCoT under strictly consistent configurations and performed zero-shot
evaluation on the out-of-domain MSQA-ScanNet dataset (as shown in Table 6 (e) and (f)). The
results show that SCoT significantly outperforms 3D-R1, particularly in categories requiring complex
reasoning, such as Navigation (+14.6) that needs multi-step state tracking, spatial relationship
understanding, and grounded inference. This evidence proves that SCoT provides higher-quality and
more generalizable reasoning supervision.

6 CONCLUSION

We introduced SCoT, a million-scale Chain-of-Thought dataset annotated to supervise 3D-LLMs
with structured, scene-grounded reasoning chain. SCoT covers diverse tasks spanning perception,
analysis, and planning. Our experiments demonstrate substantial gains over counterparts trained
without CoT annotation and supervision, especially for analysis and planning, highlighting the value
of explicit reasoning supervision for advancing complex spatial intelligence in 3D environments.
Our future work will involve improving the inference efficiency in real-time applications through
model compression (e.g., quantization and lightweight distillation), hardware-aware optimization,
and task-adaptive reasoning modes.
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A APPENDIX

In the appendix, we provide more statistical information about SCoT dataset, a detailed introduction of
SCoT-Reasoner, and quantitative results in SCoT-Perception dataset. Moreover, we present additional
visualization results to further demonstrate the effectiveness of the CoT setting.

A.1 SCOT DATASET

A.1.1 STATISTICAL INFORMATION OF SCOT DATASET

Table 7: Statistical overview of SCoT dataset. We report the number of samples, average question
length (Que. Len.), average CoT length (CoT Len.), and average answer length (Ans. Len.) across
different task categories. Note that in these tasks, the answer for implicit grounding task is only an
object placeholder, hence the average word length of the answer is always one.

Task Category Samples Words Tokens

Que. Len. CoT Len. Ans. Len. Que. Len. CoT Len. Ans. Len.

Spatial Perception* 270k 22.7 0.0 15.7 28.7 0.0 28.1
Implicit Detection 65k 35.0 51.4 1.0 39.8 59.4 7.0
Object Analysis 60k 27.1 85.4 45.5 29.9 105.4 53.3
Relationship Analysis 55k 25.7 32.1 27.8 48.1 92.1 42.0
Scene Analysis 280k 16.8 82.6 36.0 19.2 105.9 44.1
Un-situated Planning 210k 22.3 92.0 31.6 24.9 114.9 37.1
Situated Planning 180k 37.7 86.1 33.6 42.4 105.7 38.9

As shown in Table 7, we present the detailed statistics of SCoT dataset. Spatial perception tasks
are primarily derived from simple Question–Answer datasets (e.g., ScanRefer (Chen et al., 2020),
ScanQA (Azuma et al., 2022), SQA3D (Ma et al., 2022), Scan2Cap (Chen et al., 2021), and
Multi3DRefer (Zhang et al., 2023)), which are designed to establish basic spatial understanding
for 3D LLMs. However, these spatial perception tasks feature short responses, with an average of
15.7 words and 28.1 tokens, and contain no explicit CoT reasoning. In contrast, spatial analysis
(object analysis, relationship analysis, scene analysis) and spatial planning (un-situated planning and
situated planning) tasks with text-based output produce substantially longer answer responses. The
shortest responses in these categories average 27.8 words and 37.1 tokens, supported by explicit CoT
annotations that provide abundant scene-grounded evidence and transparent reasoning processes.

A.1.2 PROMPT TEMPLATE FOR DATA GENERATION

As shown in Fig. 6 and Fig. 7, the prompt templates are guided through a carefully structured prompt
that integrates task instructions, additional spatial information, and multi-view images. The system
prompt defines the overall role of LLM, requiring it to produce a natural language question, a coherent
reasoning chain, and a precise answer in a strictly formatted manner. The task description emphasizes
the need to reason over spatial relationships, such as Euclidean distance and relative orientation, while
ensuring clarity and logical progression in the output. Additional structured information, including
object identifiers, coordinates, and bounding box dimensions, is incorporated to provide the model
with explicit geometric cues for accurate reasoning. Finally, this enriched textual context is paired
with multi-view images, ensuring that the model not only grounds its reasoning in visual evidence
but also delivers results that are both interpretable and verifiable. This unified prompting strategy
enables reliable 3D spatial understanding and consistent generation of detailed CoT explanations.

A.2 SCOT-REASONER FOR MULTI-MODAL SPATIAL INPUTS

In this paper, we introduce a new 3D-LLM architecture named SCoT-Reasoner to process multi-modal
inputs (e.g., text, point cloud, and video) and support spatial perception, analysis, and planning. We
incorporate the “Object-Relationship-Scene” refinement module into SCoT-Reasoner to enhance the
model’s ability for spatial understanding.
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system_prompt: 
You are an advanced AI spatial reasoning system capable of generating object level question, detailed answers and reliable Chain-of-Thought (CoT).

content_prompt: # This needs to be changed depending on the different tasks.
[1] You must complete three steps: 

Step 1: 

(i) Generate a multifaceted question that ask about the target object, but without using object class names, semantic categories, or ID numbers.

(ii) Generate a question that ask the spatial relationship (including distance and relative direction) between two objects, using object name and location.

......

Step 2: Generate a precise answer for the corresponding question, may include: 

(i) The object name and its appearance (ii) A plausible inference of object’s function (iii) The space property of object (iv) Euclidean distance between the two 

objects and their relative spatial orientation (e.g., "Object A is 1.8 meters to the left and slightly in front of Object B") …  

Step 3: Generate a reliable CoT using object name, and detailed calculation or reasoning analysis process should be emphasized in CoT.

i) identify the task goal. ii) analyze current state or constraints and extract the object and scene content. iii) leverage scene information to form the basis for 

spatial analysis or planning. iv) finally, provide the answer. Note that whenever scene information (e.g., object properties, spatial relationships, structural 

attributes) is utilized, it must be cited with an <SI> tag preceding the corresponding sentence.

[2] You must follow these rules:

The question and answer should not focus on phrases like "This image..." or "Aerial view of..." or "The object highlighted by the red box...". Avoid using terms like 

‘highlighted object’ in the question and answer. Do not include explanations or meta-commentary about the task itself. Finally, the output question needs to be 

preceded by a corresponding identifier mark <Question> and the end of the question needs to have an </Question> identifier mark, the output answer needs to 

be preceded by a corresponding identifier mark <Answer> and the end of the answer needs to have an </Answer> identifier mark. The output CoT needs to be 

preceded by a corresponding identifier mark <CoT> and the end of the CoT needs to have an </CoT> identifier mark. Please be careful not to have words such as 

'top-down view' or 'BEV image'. Note that keep the length of answer to 20 to 30 words. Note that keep the length of CoT to 30 to 50 words. Please note that 

the question cannot refer to object class names, semantic categories, or ID numbers.

additional_information_prompt: # This needs to be changed depending on the different tasks.
The 'Object ID' and corresponding 'Name' of the target object highlighted by green box in <MultiView_Image>, and the 'Object ID' and corresponding 'Name' 

of the neighborhood object highlighted by red box in <MultiView_Image>. 

The center point coordinates of the target object are " + str(<instance_coordinates>) + "m. The length, width and height of bounding box are " + 

str(<instance_boundingbox>) + "m. The span of the target object is " + str(max(<instance_boundingbox>)) + "m. The height of the target object is " + 

str(<instance_height>) + "m. 

The center point coordinates of the neighborhood object are " + str(<nei_instance_coordinates>) + "m. The length, width and height of bounding box are " + 

str(<nei_instance_boundingbox>) + "m. The span of the neighborhood object is " + str(max(< nei_instance_boundingbox>)) + "m. The height of the neighborhood 

object is " + str(< nei_instance_height>) + "m.

messages:
“role": "system“   "content": system_prompt

"role":"user“   “content”: content_prompt + additional_information_prompt

“type”:'image_url’   “image_url”: {'url':image/jpeg;base64, {base64_MultiView_Image}“}

Figure 6: Prompt templates for data generation on object analysis and relationship analysis tasks.
Note that annotation statements are represented in green font, and non-textual (multi-modality)
variables are represented in blue font.

system_prompt: 
You are an advanced AI system capable of generating complex reasoning question, answer and reliable Chain-of-Thought (CoT) based on the 3D spatial 

configuration. Please generate question and answer pairs (e.g., Scene layout rationality, Scene spatial capacity, Scene functionality and Scene redesign 

suggestion, Scene planning, ...) that perform scene-level reasoning and planning. 

content_prompt: # This needs to be changed depending on the different tasks.
[1] You must complete three steps: 

Step 1: Generate the questions that involve higher-order reasoning about the entire scene layout, such as:

(1) Scene layout rationality: Is the current furniture or object arrangement practical or efficient?

(2) Scene spatial capacity: How much usable or unused space remains?

(3) Scene functionality: What functions (e.g., dining, sleeping, working) does the scene currently support?

(4) Scene redesign suggestion: What changes could be proposed to improve the scene?

(5) Scene planning: Based on the scene context and state (e.g., standing, sitting, holding an object, walking), accomplish a high-level task, such as exercising, 

cooking, cleaning, relaxing, or working.

......

Step 2: Generate precise answers, and the answers must be detailed, reasoned, and based on spatial arrangements, scene utilization, and functionality. The 

answer may include information such as object density, spatial zones used, remaining usable space, and suggestions for improvement.

Step 3: Generate a reliable CoT using object name, and detailed calculation or reasoning analysis process should be emphasized in CoT.

i) identify the task goal. ii) analyze current state or constraints and extract the object and scene content. iii) leverage scene information to form the basis for 

spatial analysis or planning. iv) finally, provide the answer. Note that whenever scene information (e.g., object properties, spatial relationships, structural 

attributes) is utilized, it must be cited with an <SI> tag preceding the corresponding sentence.

[2] You must follow these rules:

The question and answer should not focus on phrases like "This image..." or "Aerial view of..." or "The object highlighted by the red box...". Avoid using terms like 

‘highlighted object’ in the question and answer. Do not include explanations or meta-commentary about the task itself. Finally, the output question needs to be 

preceded by a corresponding identifier mark (e.g., <Question: Scene layout rationality>) and the end of the question needs to have an identifier mark (e.g., 

</Question: Scene layout rationality>), the output answer needs to be preceded by a corresponding identifier mark (e.g., <Answer: Scene layout rationality>) and 

the end of the answer needs to have an identifier mark (e.g., </Answer: Scene layout rationality). Note that keep the length of answer to 40 to 50 words. Please 

note that the question cannot refer to object class names, semantic categories, or ID numbers.

additional_information_prompt: # This needs to be changed depending on the different tasks.
There are  <object_1>, <object_2>,..., <object_N> in this scenario. The 'Object ID' and corresponding 'Name' of the target object highlighted by green box in 

<MultiView_Image>, and the 'Object ID' and corresponding 'Name' of the neighborhood object highlighted by red box in <MultiView_Image>. 

In addition, there is an interrogative statement about the task in the original dataset (e.g., SQA3D, 3D-LLM dataset) that can be used as a reference for 

information extraction. The query is: <Question_Reference>, The answer is: <Answer_Reference>.

messages:
“role": "system“   "content": system_prompt

"role":"user“   “content”: content_prompt + additional_information_prompt

“type”:'image_url’   “image_url”: {'url':image/jpeg;base64, {base64_MultiView_Image}“}

Figure 7: Prompt templates for data generation on scene analysis and spatial planning tasks. Note
that annotation statements are represented in green font, and non-textual (multi-modality) variables
are represented in blue font.
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Large Language Model

3D Scene

Segment

Object Proposals Video Frames

I stand near an entrance, 
intending to prepare a 
mealmeal and then relax by sitting 

on the couch. Is it feasible in 
this room?

Language Instruction
3D Encoder 2D Encoder (DINO v2)

“Object-Relationship-Scene” Refinement Module

Tokenizer 3D Projector 2D Projector

240k＋
Perception Data

460k＋
Reasoning Data

390k＋
Planning Data

<CoT> <SI> The scene contains an entrance area near the kitchen counter and 
cabinets, which is suitable for meals preparation.  <SI> Adjacent to this kitchen

space, there is a couch and coffee table, offering a comfortable spot to sit and 
relax. These objects are clearly accessible from the entrance, making the transition 
feasible. The uncrowded floor space and lack of obstructions further support ease 
of movement between these zones. Consequently, both preparing a meal and then 
sitting on the couch can be accomplished from the entrance location. </CoT>
<Answer> It is feasible to prepare a meal using the wide counter and cabinets 
nearby, then move to the soft seating area to sit and relax comfortably. </Answer>

Frozen Parameter

Trainable Parameter

Cabinets

Couch

Starting Position

Images Extraction

Figure 8: Model architecture of SCoT-Reasoner. SCoT-Reasoner receives language instruction, object
proposals segmented from 3D scene and video frames as input, then performs step-by-step reasoning
and analysis based on the object-grounded or scene-grounded facts, and ultimately generates reliable
accurate and verifiable answers.

• Text Tokenizer. We employ Vicuna-7B to process text token sequences. An embedding look-up
table is used to map these tokens into text embeddings.

• 3D Encoding. To extract geometric and spatial attributes from 3D point clouds, we utilize
Mask3D (Schult et al., 2022) to obtain 3D object proposals. For each object Pi, Uni3D (Zhou et al.,
2023) is used to derive object-centric 3D feature vector F 3D

i ∈ R1×1024.

• Video Encoding. For input video frame, we adopt open-vocabulary video segmentation model
DEVA (Cheng et al., 2023) to extract 2D object proposals. For each detected region, we compute
object-centric 2D feature vector F 2D

i ∈ R1×1024 using DINOv2 (Oquab et al., 2023).

• “Object-Relationship-Scene” Refinement Module. We design the “object-relationship-scene”
(ORS) refinement module that integrates absolute spatial locations and pairwise relational cues.

Spatial Graph Construction. Each 3D object proposal is encoded by Uni3D into F 3D
i ∈ R1×1024,

while each tracked 2D object from video frames is encoded by DINOv2 into F 2D
i ∈ R1×1024. We

retain each object’s 3D bounding box Bi ∈ R1×6. We extract the object-center coordinates in R1×3

and compute their pairwise differences to obtain a 3D offset vector, which is processed by a linear
layer to generate a 3D offset embedding in R1×1024. In the spatial graph, each object is represented
as a node, while the offset embeddings constitute the edges.

ORS Representation Optimization. Given the spatial graph constructed above, we apply Graph-
Transformer to refine object-centric representations. The attention mechanism is augmented with a
learnable spatial bias derived from offset embeddings, enabling each object to selectively aggregate
information from spatially relevant neighbors, while preserving direction and distance cues. The
spatially-refined feature F̂ i ∈ R1×1024 obtained from the GraphTransformer is concatenated with the
original F 2D

i or F 3D
i to produce an enhanced representation FORS

i ∈ R1×2048. The set of enhanced
features {FORS

i }Ni=1 forms the "object-relationship-scene" representation, which is subsequently
projected into the LLM embedding space via modality-specific projectors.
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Figure 9: The correlation heatmap of LLM scores derived from ChatGPT-4.1, Qwen, DeepSeek across
object analysis, relationship analysis, scene analysis, un-situated planning and situated planning tasks.

A.3 IMPLEMENTATION DETAILS

We build SCoT-Reasoner upon the pretrained Vicuna-7B (v1.5) backbone, with additional projection
layers for multimodal inputs. We add scene and image tokens to the input sequence and enable object
identifiers, and the maximum number of objects is capped at 200. All fine-tuning process targeting
the attention projections and feed-forward components is conducted with the LoRA layers (Hu et al.,
2022). The LoRA rank is set to 64 with an α value of 16 and a dropout rate of 0.05. Both the textual
embedding layer and LoRA parameters are trainable, while the image projection module remains
frozen. For optimization, we use the AdamW optimizer with a learning rate of 5× 10−3, β1 = 0.9,
β2 = 0.999, and weight decay of 0.02. A warm-up phase is applied for the first 10% of training
epochs.

A.4 INTER-EVALUATOR CORRELATION ANALYSIS

As illustrated in Fig. 9, we present the correlation heatmap visualization across the three heterogeneous
evaluators (ChatGPT-4.1, Qwen, and DeepSeek), demonstrating that their rating remain independent.
Despite receiving the same information (answer, ground truth, and structured scene evidences) and
rating prompts as inputs, the scores derived from three evaluators show moderate but not absolute
inter-evaluator correlation with the most values in 0.3 to 0.7, indicating that no shared model-specific
preference dominates their evaluation process. By averaging the three scores, evaluator-specific bias
are further reduced, yielding a more stable and objective assessment.

A.5 QUANTITATIVE RESULTS IN SCOT-PERCEPTION DATASET

As shown in Table 8, we report the performances of SCoT-Reasoner and other baseline method on the
SCoT-Perception test set. Note that here we do not apply the SCoT-style reasoning; we only evaluate
and demonstrate the baseline perceptual abilities of different models.

SCoT-Reasoner achieves the best accuracy across both single-object and multi-object grounding
benchmarks. It reaches an Acc@0.50 of 53.4% in the ScanRefer dataset (Chen et al., 2020),
while it achieves an F1@0.50 of 55.7% in the Multi3DRefer dataset (Zhang et al., 2023). In
addition, we further evaluate the methods on simple QA tasks such as ScanQA (Azuma et al., 2022),
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Table 8: Quantitative results on spatial perception tasks. "SCoT-R" is the abbreviations for "SCoT-
Reasoner". “(CoT)” means the method trained with “Full SCoT Setting”, and “(w.o. CoT)” means
the method trained with “Answer-Only Setting” without CoT reasoning.

Method
ScanRefer Multi3DRefer Scan2Cap ScanQA SQA3D

Acc@0.25 Acc@0.50 F1@0.25 F1@0.50 CIDEr@0.5 B-4@0.5 CIDEr B-4 EM EM

3D-LLM 30.3 - - - - - 59.2 7.2 20.4 -
Chat 3D - - - - - - 53.2 6.4 - -

Chat 3D v2 42.5 38.4 45.1 41.6 63.9 31.8 87.6 14.0 21.2 54.7
LL3DA - - - - 62.9 36.0 76.8 13.5 - -

Scene-LLM - - - - - - 80.0 11.7 25.6 53.6
Chat Scene 55.5 50.2 57.1 52.4 77.1 36.3 87.7 14.3 21.6 54.6

Video 3D LLM 58.1 51.7 58.0 52.7 83.8 41.3 102.1 16.1 30.1 58.6
SCoT-Reasoner 58.4 53.4 60.1 55.7 79.6 38.2 87.9 15.0 23.0 55.8

Table 9: Ablation experiments on different CoT settings and <SI> levels. "R.", "M.", "Exp.",
"Fai." and "Tru." are abbreviations for "ROUGE-L", "METEOR", "Explainability", "Faithfulness"
and "Trustworthiness", respectively. “CoT.Len.” means the average token length of CoT, and
“<SI>” means average number of <SI> identifier in CoT. Relationship analysis is excluded from this
comparison because its CoT mainly consists of numerical computation process.

Task Category R. M. Exp. Fai. Tru. <SI> CoT.Len. Time (s)

Object Analysis (No CoT) 27.34 15.62 6.67 5.59 5.89 – – 6.51
Object Analysis (w.o. Sce. in CoT) 26.93 16.04 6.92 5.94 6.27 1.83 64.99 10.97
Object Analysis (w.o. Obj. in CoT) 26.85 15.34 6.43 5.37 5.72 1.91 85.36 11.71
Object Analysis (Full CoT) 27.22 16.17 7.04 6.15 6.41 2.83 122.45 15.98

Scene Analysis (No CoT) 22.59 14.68 7.82 7.32 7.45 – – 5.08
Scene Analysis (w.o. Sce. in CoT) 22.50 14.37 7.67 7.40 7.37 2.45 66.98 10.26
Scene Analysis (w.o. Obj. in CoT) 22.91 14.50 7.91 7.35 7.60 1.97 51.55 9.15
Scene Analysis (Full CoT) 23.48 15.29 7.95 7.55 7.68 3.42 95.57 13.30

Situated Planning (No CoT) 24.21 12.37 6.64 6.09 6.30 – – 6.42
Situated Planning (w.o. Sce. in CoT) 24.04 11.96 6.70 6.21 6.55 2.56 75.89 12.53
Situated Planning (w.o. Obj. in CoT) 25.37 12.54 7.10 6.85 7.07 1.99 49.67 10.90
Situated Planning (Full CoT) 25.13 13.06 7.38 6.94 7.14 3.56 99.89 13.95

Un-situated Planning (No CoT) 28.01 18.35 6.97 6.93 6.76 – – 6.15
Un-situated Planning (w.o. Sce. in CoT) 28.34 17.89 6.82 7.17 6.98 2.90 96.36 12.81
Un-situated Planning (w.o. Obj. in CoT) 28.85 18.40 7.20 7.05 7.31 1.82 52.31 9.57
Un-situated Planning (Full CoT) 29.04 18.11 7.27 7.29 7.15 3.91 120.28 14.27

Scan2Cap (Chen et al., 2021), and SQA3D (Ma et al., 2022), where the answers are relatively short.
On these datasets, SCoT-Reasoner achieves competitive performance, ranking slightly below Video
3D LLM (Zheng et al., 2025), which benefits from temporal cues and richer video-based training.

A.6 ABLATION STUDY FOR DIFFERENT COT SETTINGS AND <SI> LEVELS

As shown in Table 9, to have a deep understanding of SCoT reasoning process, we explore the effects
of object-level reasoning and scene-level reasoning process. Specifically, we categorized, filtered,
and ablated different types of <SI> annotations. “w/o Obj” denotes removing <SI> for object-centric
information, while “w/o Sce” removes scene-level analysis <SI> from the CoT. The quantitative
results indicate:

• Object-level reasoning is critical for object-centric tasks; removing it consistently reduces perfor-
mance (e.g., METEOR 16.17→15.34; Explainability 7.04→6.43; Faithfulness 6.15→5.37).

• Scene-level reasoning is essential for holistic scene understanding and planning, with substantial
drops when removed (e.g., Scene Analysis METEOR 15.29→14.37; Situated Planning Trustworthi-
ness 7.14→6.55).
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Question: Far in front of me, there's a 
blue books and a brown wooden 
bookshelf. To my left, at a middle 
distance, there's a white book rack and a 
light brown top, black legs <table-17>. 
What is the usage of the <books-75> 
inside the <bookshelf-2> at my 5 o'clock?

CoT: <SI> The scene shows a blue 
books and a brown wooden bookshelf, 
with a white book rack and a light brown 
top, black legs positioned to the left of 
the bookshelf. <SI> The books inside the 
bookshelf are arranged neatly on shelves, 
indicating organized storage for reading 
or study purposes. 

Answer: The books inside the bookshelf 
are likely used for reading or studying, as 
they are neatly arranged on shelves. This 
setup supports organization and retrieval 
of materials for educational purposes.
(Ground Truth: Reading.)

Question: Another black <chair-26> is 
at my 5 o'clock. I am sitting on the chair. 
What object is black and can be used for 
sitting at my 7 o'clock?

CoT: <SI> The chair is black and 
positioned at the 5 o'clock direction 
relative to the seated person. <SI> To the 
right of this chair, there is an object that 
matches the description of being black 
and suitable for sitting. <SI> This object 
is identified as a chair based on its shape 
and color, confirming it can be used for 
sitting. 

Answer: The object at your 7 o'clock is a 
chair, which is black and designed for 
sitting. It is positioned to the right of the 
seat where you are sitting, providing a 
place to rest or sit comfortably. 
(Ground Truth: The chair.)

Question: I am removing to the cabinet. 
At 12 o'clock, a closed gray cabinet is 
present. At 8 o'clock, there is a 
predominantly white monitor and a wall. 
Is there a closet door in the scene?

<SI> The scene contains a closed gray 
cabinet positioned at 12 o'clock and a 
predominantly white monitor located at 8 
o'clock, with a wall nearby. <SI> There 
is no visible closet door in the room, as it 
is not adjacent to these objects or near 
the walls. Therefore, the presence of a 
closet door is unlikely based on spatial 
arrangement and object relationships 
observed.

Answer: There is no visible closet door in 
the scene; however, there is a closed gray 
cabinet at 12 o'clock and a white monitor 
and wall at 8 o'clock. 
(Ground Truth: No.)

Question: I am sitting on the sofa.  At my 3 o'clock, a white 
cabinet made of wood with a smooth texture stands vertical, 
closed.  What is the texture of the chair?

CoT: (1) The goal is to describe the texture of the chair 
at the 3 o'clock position.  (2) The target object is a chair.  
(3) <SI> The chair is made of wood with a smooth 
texture, indicating it is likely upholstered or cushioned.  
(4) <SI> Its vertical orientation suggests it is designed 
for sitting rather than reclining.  (5) Therefore, the chair 
has a smooth wooden texture typical of upholstered or 
cushioned seating furniture.

Answer: The object is a chair with a smooth wooden 
texture, likely upholstered or cushioned.  Positioned 
vertically near the corner, it serves as seating furniture 
meant for sitting rather than reclining. 
(Ground Truth: Smooth.)

(a) (b) (c)

(d)

Question: To my right, far away, there's a sturdy, used 
brown leather sofa with a smooth texture. I am sitting on the 
sofa. Is the cabinet higher or lower than the shelf on my 
right?

CoT: <SI> The scene shows a brown leather sofa with a 
smooth texture positioned to the right of a shelf. <SI> 
The cabinet is located higher than the shelf on the right 
side of the sofa. This spatial relationship confirms that 
the cabinet is elevated above the shelf, making it the 
higher object.

Answer: The cabinet is positioned higher than the shelf 
on the right side of the sofa, confirming its elevated 
placement relative to the shelf. 
(Ground Truth: Higher.)

(e)

Current Location

Figure 10: Qualitative generalization results of SCoT-Reasoner on different scenes in MSR3D
(MSQA) dataset. (a-c): ScanNet, (d) and (e): ARKitScenes. Note that SCoT-Reasoner is trained on
SCoT dataset.

However, the metric improvements from CoT reasoning comes with higher inference latency. Infer-
ence time increases by 2.0×–3.2×, depending on task complexity. For example, the inference time
of scene analysis increases from 5.08s to 13.30s, and un-situated planning increases from 6.15s to
14.27s on a single A100 GPU. These tasks inherently require deeper reasoning, making the additional
overhead acceptable for offline planning but challenging for time-critical robotics applications.

A.7 ADDITIONAL QUALITATIVE RESULTS

As illustrated in Fig. 11, the additional qualitative results of object analysis indicate how CoT
enhances the interpretability and reliability of responses in reasoning-oriented tasks. Rather than
providing a direct answer, SCoT-Reasoner first decomposes the query into structured reasoning steps
that explicitly reference object attributes, spatial relationships, and contextual cues within the 3D
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What are the main visual features of the structure positioned beneath the sink area, and how 
is it situated relative to nearby appliances?

<CoT> <SI> The structure is identified as a kitchen cabinet, characterized by its rectangular 
shape and wooden finish.  <SI> It is positioned directly beneath the sink area, indicating its 
functional placement for convenient access to utensils and cleaning supplies. <SI> Nearby 
appliances include a stove on one side and a refrigerator on the other, situating the cabinet in 
close proximity to cooking and food storage zones within the kitchen layout. This spatial 
relationship highlights its role in organizing kitchen essentials. </CoT> 

<Answer> The object is a kitchen cabinet with a rectangular shape and wooden finish.  It is 
located directly beneath the sink area, adjacent to a stove on one side and a refrigerator on the 
other. Its function is likely to store utensils and cleaning supplies for easy access during meal 
preparation.  </Answer>

What are the visual characteristics of the small dark item placed on the table, and how is it 
positioned in relation to the surrounding seating furniture?

<CoT> (1) The task is to describe the visual characteristics of a small dark item placed on a 
table and its position relative to surrounding seating furniture. (2) The target object is a laptop. 
(3) <SI> The laptop has a sleek, rectangular shape with a black surface and slim profile. <SI> It 
rests on a light-colored table surrounded by cushioned seating furniture such as sofas and chairs. 
(4) By observing the scene, the laptop’s placement on the table indicates it serves as a portable 
electronic device for work or entertainment in this living space. </CoT> 

<Answer> The object is a sleek, rectangular device with a black surface and a slim profile, 
identified as a laptop. It sits on a light-colored table amidst cushioned seating furniture, likely 
serving as a portable electronic device for work or entertainment in this living space. </Answer>

What are the key features of the wooden furniture piece with three sections near the edge of 
the room, and how does it relate to its surrounding elements?

<CoT> (1) The task goal is to describe the key features of a wooden furniture piece with three 
sections near the edge of the room and explain its relationship to surrounding elements. (2) The 
target object is a bookshelf. (3) <SI> The bookshelf is medium-sized, rectangular in shape, and 
constructed from wood with multiple shelves for storage.  <SI> It is positioned along the wall at 
the room's edge, adjacent to a seating area consisting of couches and chairs. (4) By observing its 
size, shape, material, and location relative to other furnishings, the bookshelf’s design and 
function are clearly deduced. </CoT>

<Answer> The object is a medium-sized, rectangular wooden bookshelf with multiple shelves.  It 
is placed against the wall close to a seating area that includes couches and chairs.  Its function is 
likely to store books or decorative items within easy reach of those seated nearby. </Answer>

What are the distinguishing features of the flat horizontal surface in the center, and how is it 
positioned relative to the seating around it?

<CoT> <SI> The object is a table characterized by its flat, rectangular shape with a light-
colored surface.  <SI> It is centrally positioned within the room, surrounded by multiple office 
chairs evenly spaced around it. <SI> This arrangement suggests the table serves as a communal 
workspace or dining area, facilitating group interaction and accessibility from all seated 
positions.  </CoT> 

<Answer> The object is a rectangular table with a light-colored surface, surrounded by multiple 
office chairs evenly spaced around it.  Positioned centrally in the room, it likely serves as a 
communal workspace or dining area, facilitating group interaction and easy access from all 
seated positions.  </Answer>

Figure 11: Additional qualitative results of SCoT-Reasoner on object analysis task.

scene. For instance, when asked about the features of a wooden furniture piece, the CoT guides the
model to progressively identify its shape, size, material, and spatial positioning relative to surrounding
objects, before concluding its functional role. This stepwise reasoning not only ensures that the
answer is grounded in observable evidence but also makes the logic of the response transparent in the
object analysis task.

As illustrated in Fig. 12, the additional qualitative results of scene analysis demonstrate that CoT
reasoning enables 3D LLMs to perform fine-grained scene understanding and logical analysis. Given
a raw 3D environment, SCoT-Reasoner first extracts structured information by identifying key spatial
elements such as furniture composition, accessibility pathways, and object arrangements in the
scene. Then, CoT guides the reasoning process by decomposing the question into interpretable
steps, aligning the extracted spatial cues with the semantic intent of the query. For instance, when
asked about improving workspace functionality, SCoT-Reasoner not only detects the suboptimal
desk placement and lighting but also infers practical modifications, such as repositioning furniture
and optimizing light exposure. Similarly, when evaluating whether a seating layout promotes social
interaction, the model interprets both the geometry of furniture and the affordances of open space,
and then articulates a balanced judgment regarding comfort and accessibility.
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What practical modifications can be made to improve the efficiency, comfort, or functionality 
of this spatial configuration?

<CoT> <SI> The room contains a bed, desk, chair, bookshelf, dresser, and various scattered items 
on the floor. <SI> The desk is positioned away from the window, limiting natural light exposure, 
which can affect comfort and productivity.  <SI> There is visible clutter on the floor near entry 
points, potentially obstructing smooth movement. <SI> Introducing multifunctional furniture could 
optimize space usage without overcrowding.  <SI> Enhancing lighting by repositioning the desk 
closer to the window or adding lamps would improve comfort and workspace functionality.  These 
adjustments enhance spatial efficiency and user experience.  </CoT>

<Answer> Introduce multifunctional furniture to maximize usable space, reposition the desk closer 
to natural light for comfort, reduce clutter near entry points, and enhance lighting to improve 
comfort and functionality.  </Answer>

Is the current arrangement of seating and tables efficient for social interaction while allowing 
easy movement within the space?

<CoT> <SI> The seating arrangement consists of multiple couches and armchairs positioned 
around a central coffee table, promoting face-to-face social interaction.  <SI> There is ample 
open floor space between these furniture pieces, ensuring unobstructed pathways for easy 
movement throughout the room.  <SI> The spacing avoids overcrowding while maintaining 
intimate groupings, balancing comfort and accessibility effectively.  This layout supports both 
social engagement and smooth navigation within the space.  </CoT> 

<Answer> The seating and tables are arranged to promote face-to-face interaction, with clear 
pathways allowing ease of movement.  The spacing avoids overcrowding, supporting both social 
engagement and efficient navigation through the room.  Overall, the layout balances comfort and 
accessibility well.  </Answer>

What primary activities does this room support based on the arrangement of objects and 
furniture?

<CoT> <SI> The room contains a central table surrounded by multiple chairs, indicating a setup 
conducive to group discussions or meetings. <SI> A whiteboard on one wall supports 
presentations or brainstorming sessions. <SI> Monitors and keyboards on the table suggest 
computer-based activities such as working or studying. These elements together show that the 
room is designed primarily for collaborative tasks involving discussion, presentations, and 
computer use. </CoT> 

<Answer> The room mainly supports collaborative work or meetings, with seating arranged 
around a central surface likely used for discussions or presentations. Additional equipment like 
monitors and keyboards support computer-based tasks, making it suitable for working or studying 
in a group setting.  </Answer>

Is the current arrangement of fixtures and accessories in this compact room optimized for 
ease of movement and practical use of each functional area?

<CoT> <SI> The compact room contains essential fixtures such as a toilet, sink, paper towel 
dispenser, soap dispenser, and trash can, creating distinct functional zones. <SI> The floor space 
in the center remains largely open, facilitating unobstructed movement between these areas. <SI> 
The placement of accessories like the paper towel dispenser and soap dispenser near sinks 
supports practical use without cluttering pathways. This layout balances accessibility and usability 
within the confined space. </CoT> 

<Answer> The arrangement is practical, with essential fixtures spaced to allow clear pathways 
for movement.  Accessories are positioned logically near usage points, enhancing functionality 
without overcrowding. Overall, the layout balances accessibility and efficient use of limited space. 
</Answer>

Figure 12: Additional qualitative results of SCoT-Reasoner on scene analysis task.

As illustrated in Fig. 13, the additional qualitative results of spatial planning highlight the pivotal role
of CoT reasoning in enabling 3D LLMs to bridge perception and planning in complex environments.
SCoT-Reasoner explicitly verbalizes the current situational state, such as the agent’s relative position,
available pathways, and the spatial organization of surrounding objects. This step-by-step reasoning
allows the system to transform low-level geometry into structured semantic cues, ensuring that
task-relevant details (e.g., seating layout, desk placement, or container accessibility) are accurately
extracted. Building on this structured scene representation, CoT then decomposes user queries into
interpretable subproblems, aligning semantic intent with environmental evidence. For instance, when
tasked with organizing a group meeting, the reasoning chain highlights seat arrangement, clutter
removal, and lighting adjustments, collectively optimizing comfort and interaction. Similarly, when
sorting recyclable items, SCoT-Reasoner not only localizes the recycling bin but also justifies the
choice through its visual features and unobstructed access path. By articulating these intermediate
steps, CoT ensures that the final answers regarding action instructions are not only correct but
also interpretable, trustworthy, and grounded in 3D evidence, thereby enhancing both reasoning
transparency and task reliability.

22



Published as a conference paper at ICLR 2026

I'm standing near a bright area surrounded by darker flooring and want to set up a 
comfortable seating space for a small group to relax and chat. I've already cleared nearby 
furniture and moved obstacles away.  How should I proceed to create this seating arrangement 
using the available elements in the area?

<CoT> <SI> The room contains a bright area surrounded by darker flooring, which is suitable 
for setting up a comfortable seating space. <SI> Nearby furniture such as chairs or couches 
can be rearranged to face the bright area, facilitating conversation and relaxation. <SI> There 
are no visible barriers obstructing access to these furniture pieces, making it feasible to move 
them closer together. <SI> Arranging seats in this way creates a cozy environment conducive to 
social interaction without needing to bring in additional furniture. </CoT> 

<Answer> From your position, arrange the nearby furniture to face the bright area, ensuring 
enough space for people to sit comfortably.  This will create a cozy spot for conversation and 
relaxation without obstruction.  </Answer>

I’m standing near the seating area with multiple cushioned seats arranged around a central 
surface. I want to organize a small meeting for four people, having already set some 
materials on the central surface. How can I best arrange the seating and space to create a 
comfortable and productive environment?

<CoT> <SI> The seating area consists of multiple cushioned seats arranged around a central 
surface, providing ample space for group interaction. <SI> To create a comfortable and productive 
environment, the chairs should be evenly spaced to allow easy movement and communication 
among participants.  <SI> Clearing any clutter on the central surface ensures unobstructed access 
to materials during the meeting. <SI> Adjusting the lighting can enhance visibility and comfort, 
making the space inviting and conducive to focused discussion.  These steps collectively optimize 
the seating arrangement and surroundings for an effective meeting setup. </CoT> 

<Answer> From your position, arrange the seats evenly around the central surface with enough 
space between them for easy movement. Clear any clutter on the surface, adjust lighting if needed, 
and ensure good visibility for all participants.  </Answer>

I'm standing near a seating area in a room with multiple workspaces.  I want to organize my 
digital documents and simultaneously check my emails. How should I approach this task 
from here?

<CoT> <SI> The room contains multiple workspaces with desks and chairs arranged around 
them. <SI> A seating area with couches is positioned away from these workspaces, providing a 
comfortable spot to sit and organize documents. <SI> Nearby, there is a screen on a desk that 
can be used for email checking.  To accomplish both tasks efficiently, one should move from the 
seating area to the desk where the screen is located, then you can sit down and use the computer. 
This allows document organization and email checking without interruption.  </CoT> 

<Answer> From your position near the seating area, move toward the desk with the screen to 
arrange your documents, then you can sit down and use the computer to check your emails 
simultaneously.  </Answer>

I'm standing near the entrance of a spacious room with various supplies arranged along one 
side. I want to organize the materials by properly disposing of recyclable items.  How should 
I locate the correct container and complete this sorting task?

<CoT> <SI> The recycling bin is positioned along one side of the spacious room, identifiable 
by its blue color and rectangular shape.  <SI> From the entrance, it is feasible to move directly 
towards this container without obstacles blocking the path.  <SI> Opening the bin’s lid allows 
easy disposal of recyclable materials inside.  This direct approach ensures efficient sorting and 
proper disposal of recyclable items.  </CoT> 

<Answer> From your position near the entrance, locate the container with a blue body and 
rectangular shape on the far side of the room.  Open its lid to dispose of recyclable items 
properly.  </Answer>

Figure 13: Additional qualitative results of SCoT-Reasoner on un-situated planning and situated
planning tasks.

A.8 BASELINE INTRODUCTION

We re-train the baseline methods (including 3D VG Transformer, 3D-LLM, Chat 3D, Chat 3D V2,
LL3DA, Scene-LLM, Chat Scene, and Video 3D LLM) using the same settings with our SCoT-
Reasoner for fair comparison in spatial perception, analysis and planning tasks, respectively.

3D VG Transformer. 3D VG Transformer is a transformer-based method specifically designed for 3D
visual grounding, leveraging diverse relations to facilitate cross-modality proposal disambiguation.

3D-LLM. 3D-LLM is the first LLM-based model for 3D scene understanding, which takes 3D point
clouds and their dense features derived from multi-view images as input and perform a diverse set of
3D-related tasks.

Chat 3D. Chat-3D integrates the perceptual strengths of pre-trained 3D representations with the
conversational capabilities of large language models, establishing the first universal dialogue system
for 3D scenes.
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Chat 3D V2. Chat 3D V2 incorporates 3D object representations into LLMs and assigns attribute-
aware token and relation-aware token for each object to capture the object’s attributes and spatial
relationships with surrounding objects in the 3D scene.

LL3DA. LL3DA is a large language–based 3D assistant designed to take point clouds as direct input
and generate responses to both textual instructions and visual interactions. By incorporating visual
interactions, LL3DA effectively understands human engagement within 3D environments, thereby
resolving ambiguities that may arise from plain text alone.

Scene-LLM. Scene-LLM is a 3D vision–language model designed to enhance the reasoning capabili-
ties of embodied agents. It employs a hybrid 3D visual feature representation that captures dense
spatial information while enabling dynamic scene state updates.

Chat Scene. Chat Scene improves Chat 3D V2 and receives multimodal representation input,
it models the scene embeddings as a sequence of explicit object-level embeddings derived from
semantic-rich 2D and 3D representations, performing well in object-level and scene-level tasks.

Video 3D LLM. Video 3D LLM treats 3D scenes as dynamic videos, then incorporates 3D position
encoding into video representations to aligns video representations with real-world spatial contexts,
thereby performing 3D-VL tasks based on 2D Video LLM.

A.9 LIMITATIONS

While SCoT raises strong reasoning and planning capabilities of 3D-LLMs, several limitations
remain. First, the current framework is primarily validated on indoor datasets, and its performance
in real-world, open-ended 3D environments requires further investigation. Second, although the
CoT reasoning improves interpretability, it may introduce longer inference time and occasional
inconsistencies across reasoning steps. Our future work will extend SCoT toward more diverse and
dynamic city-scale scenarios.

A.10 THE USE OF LARGE LANGUAGE MODELS

We clarify the role of Large Language Models in the preparation of this work as follows:

• Manuscript Writing: LLMs were only employed for improving grammar and expression during
manuscript writing.

• Research Design and Experiments: LLMs were not involved in idea conception, methodological
design, or experimental implementation.

• Dataset Generation and Evaluation: LLMs were used solely as auxiliary tools for dataset generation
and evaluation metrics.
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