
SceneBench: A Hierarchical Benchmark for Vision-Language Understanding of
3D Scenes

Anubhav Khanal1 Prabigya Acharya1 Roshni Poudel1 Sujan Kapali1 Bigyan Bhatta1

Pramish Paudel2 Francois Rameau1,3 Danda Pani Paudel1,2

1Nepal Applied Mathematics and Informatics Institute for research (NAAMII), Nepal
2INSAIT, Sofia University, Bulgaria

3State University of New York at Stony Brook, Korea

Abstract

Vision-language models have achieved strong performance
on 2D image understanding, but their ability to reason
about 3D environments remains limited. Progress in spa-
tial intelligence is hindered by limitations in existing bench-
marks. First, many 3D datasets rely on point clouds, which
capture geometry but discard rich visual appearance such
as texture, text, and materials. Second, annotations typi-
cally treat objects in isolation and overlook the hierarchical
organization of real environments into scenes, rooms, func-
tional areas, and object groups. Third, current evaluation
tasks focus largely on recognition or localization and do not
test multi-step spatial reasoning within complex scenes.

In this context, we introduce SceneBench, a bench-
mark of 966 photorealistic 3D scenes reconstructed with
Gaussian Splatting and densely annotated with hierarchi-
cal semantics spanning scenes, rooms, functional areas, ob-
ject groups, and individual objects. These annotations are
produced through a human-in-the-loop pipeline combining
vision-language models with roughly 1,500 human-hours
of iterative refinement and verification, producing over
183K annotated nodes with textual descriptions and 3D
bounding boxes. Building on this representation, we define
three evaluation tasks: Existence-Based Questions probing
object attributes, Spatial Intelligence Questions covering
counting, size comparison, distance, and directional rela-
tions, and Grounded Question-Reasoning-Answer (QRA)
triplets requiring multi-step reasoning across semantic lev-
els. Experiments with state-of-the-art vision-language mod-
els show that while models perform well on basic recog-
nition tasks (e.g., up to 85% accuracy for detection), per-
formance drops substantially on hierarchical and compo-
sitional reasoning (e.g., down to 60% for counting), re-
vealing limitations not captured by existing benchmarks.
SceneBench provides a realistic testbed for developing and
evaluating models capable of fine-grained spatial reasoning

in photorealistic 3D environments. Our dataset and bench-
mark will be made publicly available upon acceptance.

1. Introduction
Recent multimodal vision-language models can associate
language with visual observations, but their performance
degrades when moving from image-level analysis to 3D
scenes [7]. Consequently, they remain unsuitable for real-
world deployment, where intelligent agents require spatial
intelligence: the ability to jointly reason about geometry,
appearance, scale, and object relationships in 3D spaces.
Evaluating and improving these capabilities therefore re-
quires benchmarks that capture both the visual detail and
structural organization of real-world scenes.

However, existing benchmarks do not meet these re-
quirements. Most rely on 2D images or video, which lack a
persistent 3D structure and do not support reasoning across
viewpoints. Others rely on geometry-only 3D representa-
tions such as point clouds [3, 8–10, 17, 28], which cap-
ture coarse spatial layout but discard important visual cues
such as text, texture, material properties, and lighting. In
contrast, high-fidelity 3D representations such as Gaussian
Splatting (GS) [20] preserve detailed appearance across ar-
bitrary viewpoints while maintaining explicit 3D structure,
making them well suited for holistic spatial reasoning in re-
alistic environments. However, few GS-based datasets pro-
vide rich semantic annotations, largely due to the lack of
scalable annotation pipelines.

Beyond representation, current benchmarks also suffer
from two additional limitations. First, most annotations are
limited to individual object categories, ignoring the hierar-
chical organization of real environments into scenes, rooms,
functional areas, object groups, and parts [3]. By treating
objects in isolation, these datasets fail to capture the seman-
tic structure of real-world environments. Second, existing
benchmarks primarily evaluate recognition or localization
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Figure 1. Overview of dataset construction and statistics. (Left) The hierarchical scene description structure: each level (n − 1)
description grounds all objects within its spatial scope by referencing finer-grained level (n) descriptions, all the way to the leaf nodes,
where each node corresponds to an individual object in the 3D Gaussian Splatting scene. (Top Right) Dataset statistics summarizing the
scale of the corpus across scenes, hierarchical nodes, description length, and question distribution. (Bottom Right) The seven question
types spanning existence (with positive and negative variants), five spatially grounded tasks (absolute distance, relative distance, relative
direction, object count, and object size), and one multi-step reasoning task, collectively designed to evaluate fine-grained spatial and
semantic understanding of 3D scenes.

queries, which do not test the multi-step reasoning required
to navigate a scene, resolve ambiguities, and identify fine-
grained targets based on both visual and spatial cues.

To address these gaps, we introduce SceneBench, a
new benchmark for immersive and hierarchical 3D vision-
language understanding, illustrated in Fig. 1. SceneBench
consists of 966 photorealistic 3D scenes with 183K text-
annotated nodes arranged hierarchically, represented us-
ing 3D Gaussian Splatting and densely annotated with
semantics spanning scenes, rooms, functional areas, ob-
ject groups, and individual objects. Our contributions are
twofold:

• A hierarchical, tree-based vision-language representa-
tion that organizes semantics from scene-level concepts

down to object parts and attributes. Each leaf node cor-
responds to an object, while inner nodes represent hierar-
chical regions grounded in 3D with both textual descrip-
tions and spatial localization.

• A benchmark for spatial intelligence in photorealis-
tic 3D scenes that evaluates both core spatial reasoning
(e.g., relative arrangements, counts, distances) and ad-
vanced multi-step reasoning requiring cross-object refer-
ences and fine-detail analysis. Furthermore, we show that
existing methods struggle on our benchmark, and provide
a detailed analysis.
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2. Related Work
The field of 3D scene understanding has transitioned from
task-specific architectures operating on point clouds [12,
32] toward unified multimodal representations. This shift
occurred with the emergence of neural scene representa-
tions such as NeRF [30] and 3D GS [20]. Building on
this idea, several works have distilled language and seman-
tic information into these representations to support open-
vocabulary queries and zero-shot reasoning in 3D environ-
ments [6, 11, 21, 24, 27, 33, 35, 39, 42, 46, 53]. Recent
datasets have followed the same direction by offering large-
scale 3DGS scenes with dense object-level annotations [34].
However, such datasets remain largely limited to flat object
structures, discarding the multi-level semantic hierarchies
and fine-grained visual details necessary for complex spa-
tial intelligence.

Hierarchical 3D Scene Graphs structure environments
into multiple levels of abstraction. Early works introduced
hierarchical scene graphs to support long-range navigation
and overcome LLM context limits [2, 40, 41]. More re-
cently, datasets have leveraged scene graphs to automati-
cally generate large multimodal perception suites and dense
grounded annotations [18, 37, 43].

Some approaches go beyond object-level grounding and
incorporate fine-grained parts [49]. A quantitative compar-
ison of these 3D visual grounding datasets is provided in
Tab. 2.

While algorithmic scene graph generation over 3D Gaus-
sians is actively being explored [38], explicit, multi-level
relational hierarchies natively embedded within a dataset
benchmark remain limited to mesh or point-cloud environ-
ments.

To leverage structured 3D environments, recent research
has explored grounding large language models (LLMs) for
spatial reasoning and question answering, as summarized
in Tab. 1. Early benchmarks introduced object-grounded
queries over point clouds and egocentric views [3, 29]. Sub-
sequent work expanded these tasks toward multi-view and
compositional reasoning [14, 50]. Other studies emphasize
the importance of explicit cognitive mapping for spatial rea-
soning, proposing benchmarks based on 2D videos or large
image collections [13, 26, 45]. In parallel, advanced rea-
soning frameworks incorporate reinforcement learning and
internal visualization-of-thought to improve multi-step em-
bodied task performance [15, 16]. Despite these advances,
no existing dataset combines photorealistic 3D rendering
with densely grounded and structured question answering,
leaving a gap between visual fidelity and spatial reasoning.

To address these limitations, we introduce SceneBench,
the first dataset combining the high-fidelity visual render-
ing of 3DGS with densely annotated hierarchical scene
graphs. By explicitly modeling multi-scale relational de-
pendencies and defining Existence, Spatial Intelligence, and

Table 1. Comparison of 3D scene understanding datasets. Q. in-
dicates whether the dataset includes a question-answering com-
ponent. Descr. denotes the semantic granularity of the envi-
ronment annotations (S=Scene, R=Room, G=Groups, O=Object,
P=Part), and Gr. indicates whether queries are explicitly linked to
3D geometry. Q. Types abbreviations: Sp=Spatial, Ct=Counting,
AO=Appearance Order, RP=Route Planning, Ms=Measurement,
Dr=Directional, At=Attributes, Ex=Existence, Tm=Temporal,
Cb=Combination, Rl=Relation, CSR=Common Sense Reasoning;
MS=Multi-step.

Dataset Q. 3D Repr. Descr. Gr. Q. Types Reason.

Thinking in Space [45] ✓ Vid S ✗ Sp, Ct, AO, RP, Ms ✓(Sp)
ExCap3D [49] ✗ PC O, P ✓ N/A ✗

3D-R1 [16] ✓ Img, PC, Txt S ✓ Sp, Dr, At, Ex, Ct ✓(CoT)
3D-GRAND [44] ✗ PC S ✓ Sp, Dr, Ex, At, Ct ✓

3DMV-VQA [14] ✓ MV-Img S, R ✓ Ex, Ct, Sp, Ms ✓

ScanQA [3] ✓ PC S, O ✓ At, Sp, Dr, Ex, Ct ✗

InternSpatial [13] ✓ Img S, O ✓ Sp, Ct, Tm, Ex ✗

MIRAGE [26] ✓ Img O ✗ Cb, Ct, Rl ✗

SceneVerse [18] ✗ PC S, O ✓ N/A ✗

SURPRISE3D [15] ✓ PC O ✓ Sp, CSR ✓

Ours ✓ 3DGS S, R, G, O ✓ Sp, Ex, Ct, Dr ✓(MS)

Table 2. Comparison of 3D visual grounding datasets that pair
3D geometry with natural language descriptions. Objects: num-
ber of unique 3D objects; Descriptions: total number of language
descriptions; Avg. Length: average word count per description;
Scene Type: 3D representation format.

Dataset Objects Descr. Avg. Len. Scene Type

ScanRefer [8] 11,046 51,583 20.27 3D Scan
ReferIt3D [1] 96,654 130,364 3.51 Image
RioRefer [31] 31,801 63,602 14.78 Image
ArkitSceneRefer [19] 15,553 15,553 14.43 3D Scan
SceneVerse [18] 1.5M 2.5M - Point Cloud
3D-Grand [44] 6.2M 6.2M - Point Cloud
Ours 128,966 183,540 60 3DGS

Grounded Question-Reasoning-Answer tasks, SceneBench
establishes a benchmark that connects simple 3D localiza-
tion with higher-level spatial reasoning.

3. Dataset

To support more granular 3D scene understanding, we pro-
pose a tree-based representation for vision-language anno-
tations, as illustrated in Fig. 1. Each leaf node in the tree
corresponds to an object, and inner nodes correspond to a
hierarchy of objects, paired with a 3D-grounded textual de-
scription. When a node appears within the description of
another, it is grounded as a constituent part of that inner
node.

The dataset comprises 966 scenes containing 584 real-
world scenes from ScanNet++ [48] and 382 synthetic
scenes from InteriorGS [34]. All scenes are represented as
3D Gaussian Splats. For ScanNet++, we utilize the splats
provided by SceneSplat [23]; for InteriorGS, the scenes are
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Figure 2. Hierarchy and Question Generation Process The top diagram illustrates our pipeline for generating scene hierarchies and QA
pairs from 3DGS scenes. The bottom row presents dataset statistics: (left) user ratings comparing clean versus perturbed samples across
question types; (center) average token length (blue) and scene count (green) at each hierarchy depth level; (right) distribution of scenes
across room categories for ScanNet++ and InteriorGS subsets.

natively available in the Gaussian Splatting format.
Through extensive manual curation and multi-stage ver-

ification, in which all model calls are checked for errors
and iteratively refined, we developed a human-in-the-loop
pipeline (approximately 1,500 human-hours in total) to gen-
erate highly detailed, accurate free-form text descriptions
and a hierarchical scene structure. This pipeline consists of
two primary components: Object Description Generation
and Object Hierarchy Generation, as illustrated in Fig. 2.

Object Description Generation To generate descriptions
of objects in the scene, we employ a Vision-Language
Model (VLM), Gemini 3.0, providing it with the seman-
tic labels of objects, the count per label (ensuring no unique
instance is missed), and a video of the scene with overlaid
instance IDs to explicitly ground the visual data. The source
of the visual input depends on the scene type. For Scan-
Net++ [48], we use the ground-truth videos captured during
the scanning process. For InteriorGS [34], we automatically
generate camera trajectories and render images along these

paths to create synthetic videos.
To handle the high complexity of InteriorGS scenes, we

partition large scenes into subregions using dataset room
metadata; if a room remains too complex, we manually
divide it into intuitive sub-sections. During inspection of
initial outputs, we observed that high-density clusters (e.g.,
a stack of books) often suffered from spatial inaccuracies,
such as misattributing one object’s description to another.
To resolve these mapping errors and provide needed visual
context, we supplied multi-view images for those dense re-
gions. Finally, we checked for missing or incorrectly classi-
fied descriptions and re-ran the generation pipeline for those
objects to ensure complete and accurate coverage.

Object Hierarchy Generation To model the global con-
text, we organize individual objects into a multi-level hierar-
chy where the topmost node represents the entire scene and
the leaf nodes represent individual objects. Following prior
work [18], we first establish structural relationships, includ-
ing attached to (e.g., ceiling lights), hanging from (e.g., wall
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art), supported by, contained by, and grouped with (e.g., a
single book within a collection). This initial structural hier-
archy is then verified by a human and refined by a VLM. By
providing the model with the structural tree and the scene
video, we prompt it to identify and add functional areas
(e.g., ”dining area” or ”workspace”), transitioning the hi-
erarchy from purely spatial to semantic. This refinement
is performed in multiple passes to ensure logical consis-
tency. Finally, to ensure that every description is grounded,
we perform a final pass in which the model revises parent
node descriptions to explicitly reference all underlying child
nodes.

4. Benchmarking Tasks
4.1. Existence-Based Questions
These questions ask whether a particular visual attribute of
an object exists in the scene. They take the form of yes/no
queries about properties such as color, material, or other
visual characteristics.

To generate these questions, we first use the textual de-
scriptions of objects in the scene, which contain detailed
attributes. Given these descriptions, we prompt a vision-
language model to generate both positive and negative ques-
tions for a given object category.

For positive (“yes”) questions, the model selects an at-
tribute that uniquely describes one instance of the object in
the scene. For negative (“no”) questions, it generates an at-
tribute that does not appear in any instance of that object
category within the scene. Finally, all the generated ques-
tions for the test set are verified by the annotators.

4.2. Spatial Intelligence Questions
Inspired by [45], we design questions that evaluate the
model’s spatial intelligence, covering object size, object
count, absolute distance, relative distance, and relative di-
rection. Ground truth for these tasks is derived directly from
object metadata.

In contrast to [45], our scenes contain multiple instances
of objects from the same category. To address this com-
plexity, we do not refer to objects by their class labels alone;
instead, we utilize unique referring expressions based on vi-
sual attributes. These attributes encompass text, color, pat-
tern, depicted content, material, and lighting effects.

To generate referring expressions, we feed free-form de-
scriptions and object images to a Vision-Language Model
(VLM) to produce expressions that uniquely isolate the tar-
get within the scene. In the specific case of object count-
ing, we employ a VLM to identify subsets of objects shar-
ing a common attribute (e.g., ”red shoes” rather than just
”shoes”). This allows us to formulate precise counting
queries that require the model to disentangle objects based
on fine-grained visual features. All the generated questions

Table 3. Summary of Reasoning-Grounded Tasks and Definitions.

Task Core Definition

NCS Narrative and Contextual Synthesis: Infers the ”big pic-
ture” story, including user profiles and socioeconomic values
reflected in the space.

BWA Behavior and Workflow Analysis: Decodes patterns of ac-
tion, such as daily habits or workflow efficiency in commer-
cial spaces.

DCI Design and Curation Intent: Analyzes deliberate aesthetic
choices to understand the intended mood or brand identity.

TFA Temporal Forensic Analysis: Focuses on recent activity by
identifying transient evidence.

FGA Functional and Goal-Oriented Analysis: Evaluates how
effectively the layout achieves its primary purpose.

CA Comparative Analysis: Compares two or more ob-
jects/areas to infer meaning from their differences.

CR Counterfactual Reasoning: Tests the space’s limitations by
posing ”what if” scenarios.

AAA Anomaly and Absence Analysis: Identifies objects that are
contextually out of place or missing.

DOM Dependent Object Manipulation: Analyzes physical con-
straints and consequences of moving objects.

SLC Structural Load and Capacity: Verifies if containment re-
lationships are physically viable.

FOA Functional Occlusion and Accessibility: Determines if ob-
ject arrangements block the usage of a target.

SHP Systemic Hazard Propagation: Traces potential damage
paths in hypothetical failure scenarios.

are verified by the annotators.

4.3. Reasoning-Based Questions

We generate complex reasoning questions that require a
deep understanding of a scene’s context, design, and im-
plicit narratives. As illustrated in Table 3, these tasks are
classified into twelve distinct reasoning types. We utilize a
vision-language model, prompted with both the scene video
and our generated hierarchical descriptions, to produce one
question per category for each scene where possible. Each
entry is formatted as a Question-Reasoning-Answer (QRA)
triplet, where the reasoning process justifies the final answer
through a structured sequence of observations.

The reasoning steps are designed to mimic a human-like
cognitive flow: starting with a Scene Overview to establish
global context (Root level), followed by an Area Inspection
to narrow focus to a specific zone (Child level), and Target
Identification to pinpoint the object in question (Leaf level).
To further refine the context, the model performs an Adja-
cent Observation of neighboring items (Sibling level) and a
Fine Detail Observation of specific attributes such as text,
brands, or material states. Finally, the model engages in
Inference to apply deductive logic based on these observa-
tions, culminating in a Synthesis that combines all gathered
evidence into a final conclusion.
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Figure 3. (Center) A 3D Gaussian Splatting scene with grounded object labels and bounding boxes embedded directly in the scene,
referencing the objects involved in the answer to the Reasoning question shown below it. (Left and Bottom Right) Representative
examples of the remaining question types, each grounded to specific objects within the scene, with the numbers representing the total
questions in the test set. (Top Right) Distribution of the 33,524 total questions across the 7 major question types.

4.4. Quality and Statistics

To ensure the quality of our generated questions and an-
swers, we conducted a user study involving 100 questions
across 10 distinct 3D scenes. Participants evaluated the
accuracy and relevance of the content on a 5-point scale.
To verify the reliability of these assessments, we included
both clean samples and intentionally perturbed samples as
a quality control measure.

As shown in Figure 2, users rated clean samples signif-
icantly higher than perturbed samples. More details can be
found in the supplementary material.

5. Experiments

We evaluate the capacity of vision-language models for 3D
scene understanding by benchmarking performance across
three core dimensions: object existence, spatial intelli-
gence, and complex reasoning. Our evaluation utilizes two
distinct datasets—ScanNet++, representing real-world re-
constructions, and InteriorGS, featuring high-fidelity syn-
thetic Gaussian splats—to test the models across varied en-
vironmental complexities. Of the 966 scenes in total, we
use 766 scenes (26,311 questions) for training and reserve
the remaining 200 scenes (7,213 questions) for testing.

5.1. Evaluation Metrics

We employ three sets of metrics corresponding to our three
question categories:

• Existence Questions: We evaluate performance using
Precision, Recall, F1 Score, and Accuracy Score.

• Spatial Intelligence Questions: For spatial intelli-
gence questions, we adopt the metrics from Thinking
in Space [45]. We use Accuracy (ACC) for Multiple-
Choice Answer (MCA) tasks. For Numerical Answer
(NA) tasks, which involve continuous value prediction,
we use Mean Relative Accuracy (MRA); this averages
relative accuracy across confidence thresholds to measure
proximity to the ground truth.

• Reasoning Questions: For our Reasoning-Grounded
QRA Triplets, we assess the quality of generated free-
form answers against ground-truth responses. We report
scores using standard n-gram and consensus-based lan-
guage metrics: BLEU-1, BLEU-4, CIDEr [36], ME-
TEOR [5], and ROUGE-L [25]. Besides this, we also
use Qwen3-32B as an LLM-as-a-judge to rate the model
responses compared to the ground truth for Gemini on
video inputs, CoV, GeoThinker and GeoThinker fine-
tuned on our data; we use a different model family for
judging, rather than Gemini, which was also used for

6



Figure 4. Granular performance breakdown. Results of different models on specific performance categories: (a) existence grounding
performance across precision, recall, F1, and accuracy; (b) reasoning performance across text-similarity metrics (BLEU, CIDEr, METEOR,
ROUGE-L); (c) visual spatial intelligence across size, count, distance, and direction.

Table 4. Existence and Spatial Intelligence benchmark results, reported side by side for ScanNet++ and InteriorGS. For Existence we
report Precision (Prec), Recall (Rec), F1 Score, and Accuracy (Acc). For Spatial Intelligence we report Object Count (Cnt), Object Size
(Sz), Absolute Distance (Abs), Relative Distance (Rel-D), and Relative Direction (Rel-Dir). The bold and underlined values represent the
top-1 and top-2 performance among all models within each dataset and metric group, respectively.

ScanNet++ InteriorGS

Existence Spatial Intelligence Existence Spatial Intelligence

Method Prec Rec F1 Acc Cnt Sz Abs Rel-D Rel-Dir Prec Rec F1 Acc Cnt Sz Abs Rel-D Rel-Dir

Gemini-Based Models
Video (Basic) 0.65 0.87 0.75 0.71 0.48 0.61 0.31 0.48 0.48 0.65 0.91 0.76 0.70 0.50 0.60 0.34 0.42 0.39
Video (CoT) 0.76 0.90 0.82 0.81 0.47 0.60 0.32 0.38 0.43 0.76 0.84 0.80 0.78 0.54 0.64 0.28 0.36 0.44
Panoramic 0.66 0.95 0.78 0.74 0.45 0.57 0.27 0.52 0.43 0.68 0.78 0.73 0.70 0.50 0.56 0.17 0.37 0.30
Qwen-Based Models
Video (Basic) 0.85 0.56 0.67 0.73 0.50 0.59 0.29 0.38 0.29 0.83 0.29 0.43 0.62 0.54 0.48 0.21 0.42 0.38
Panoramic 0.82 0.54 0.65 0.71 0.47 0.57 0.24 0.37 0.23 0.81 0.41 0.54 0.66 0.47 0.49 0.26 0.43 0.30
Agentic Methods
CoV 0.82 0.59 0.68 0.73 0.44 0.56 0.21 0.41 0.35 0.82 0.57 0.67 0.71 0.38 0.52 0.22 0.40 0.27
Think3D 0.83 0.54 0.66 0.72 0.23 0.34 0.20 0.38 0.37 0.86 0.43 0.57 0.67 0.25 0.33 0.21 0.39 0.39
Geometry Integrated VLMs
GeoThinker (16 frames) 0.60 0.86 0.71 0.65 0.19 0.57 0.33 0.47 0.51 0.66 0.77 0.71 0.67 0.24 0.48 0.16 0.28 0.36
Finetuned Model
GeoThinker (Finetuned) 0.87 0.80 0.84 0.85 0.60 0.59 0.31 0.48 0.62 0.80 0.76 0.78 0.78 0.57 0.52 0.13 0.37 0.40

question generation, to avoid self-preference bias.

5.2. Methods

We evaluate spatial reasoning across a diverse suite of base-
lines, including proprietary and open-source VLMs (e.g.,
“gemini-3-flash-preview”, Qwen3-VL-8B [4]) tested with
various visual inputs like video or panoramas. Additionally,
for Gemini-3-flash-preview we also test a prompting tech-
nique, CoT. These are compared against specialized 3D-
aware frameworks: Chain-of-View (CoV) [52], which em-
ploys an agentic exploration of the 3D scene (represented
as Gaussian splats in our evaluation); Think3D [51], which
utilizes an interactive 3D manipulation toolkit; and Geo-
Thinker [22], which features an active geometry integration
mechanism. We also finetune GeoThinker on our dataset.

5.3. Benchmark Results
We present the evaluation results in this section, separated
by dataset (ScanNet++ and InteriorGS). InteriorGS con-
sists of synthetic scenes featuring high-fidelity Gaussian
splats, primarily focusing on large-scale apartments. In con-
trast, ScanNet++ is composed of reconstructions from real-
world captures, typically representing smaller apartments
and compact environments.

As illustrated in the Existence columns of Table 4,
Vision-Language Models (VLMs) utilizing video-based
methods achieve impressive results in object existence
tasks. Proprietary models, such as Gemini-3-flash, gener-
ally perform slightly better than open-source alternatives
like Qwen-3-8B-VL. The application of Chain-of-Thought
(CoT) reasoning further improves these results, allowing
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Table 5. Granular LLM-as-a-judge ratings using Qwen3-32B as
the judge model, reported for InteriorGS (IntGS) and ScanNet++
(SNet++) side by side. The bold and underlined values represent
the top-1 and top-2 performance among all models within each
dataset, respectively.

IntGS SNet++

Base FT Base FT

Type Vid.B CoV GeoT GT-FT Vid.B CoV GeoT GT-FT

AAA 3.14 2.70 2.21 2.79 3.27 2.99 2.60 2.75
BWA 3.14 3.01 2.58 3.07 2.60 3.17 2.82 3.05
CA 2.97 2.82 2.54 2.79 3.47 2.91 2.43 2.94
CR 3.65 2.92 2.53 2.82 3.24 2.93 2.47 2.83
DCI 3.29 2.96 2.84 3.30 2.76 3.43 3.08 3.34
DOM 2.54 2.49 2.13 2.51 3.21 2.70 2.28 2.60
FGA 3.61 3.38 2.88 3.22 3.04 3.03 2.96 3.34
FOA 2.99 2.92 2.92 3.08 3.02 2.71 2.86 2.79
NCS 3.19 3.49 3.11 3.62 2.45 3.35 2.99 3.24
SHP 2.96 2.66 2.14 2.72 3.17 2.84 2.10 2.73
SLC 3.36 3.07 2.95 3.08 3.94 3.25 3.45 3.55
TFA 3.18 2.71 2.29 2.93 2.79 2.87 2.51 2.73

Mean 3.17 2.93 2.59 2.99 3.08 3.01 2.71 2.99

Video (CoT) to achieve the best performance across all pri-
mary metrics. Utilizing panoramic images as an alterna-
tive input yields slightly worse results than video input.
Agentic methods, such as CoV and Think3D, follow as
the next-best-performing category; notably, CoV outper-
forms Think3D in this category. This performance gap
is likely due to CoV’s ability to explore directly in high-
fidelity Gaussian-splat environments, whereas Think3D re-
lies on specialized 3D modules that may introduce noise
during scene reconstruction. The disparity is particularly
pronounced in synthetic scenes, where the quality of the
underlying Gaussian splats provides a more reliable foun-
dation for reasoning than the often fragmented or lower-
resolution reconstructions found in real-world data. Geo-
Thinker, which integrates geometric features, initially strug-
gles on existence questions, but fine-tuning it on our data
substantially increases its performance, as shown in Fig. 4.

As illustrated in the Spatial Intelligence columns of
Table 4, VLMs demonstrate superior performance on
counting-related tasks. This is likely because processing
entire videos provides broader scene context; proprietary
models like Gemini also consistently outperform open-
source models like Qwen, except in some categories such
as count. Consistent with Thinking in Space, applying
Chain-of-Thought (CoT) reasoning tends to degrade perfor-
mance on spatial intelligence tasks. For queries like rela-
tive distance, panoramic images often outperform the base
Gemini model, particularly in smaller-scene datasets like
ScanNet++, where all relevant objects fit within a single
panoramic frame.

While video-based methods yield impressive results by

leveraging extensive temporal context, they require a high
volume of frames for evaluation, making them computa-
tionally heavy. In contrast, agentic methods that move
around a scene do not perform well on spatial intelligence
tasks, often struggling with spatial coherence as they tran-
sition between viewpoints. Conversely, methods that in-
corporate geometric features, such as GeoThinker, are bet-
ter suited to fine-grained spatial queries like relative direc-
tion and distance, though the base model still struggles on
others such as counting. Integrating a geometric encoder
significantly boosts performance, and after fine-tuning on
our data GeoThinker surpasses vision-language models that
are provided with dense videos of the scene, as shown in
Fig. 4. This indicates that actively fusing geometric infor-
mation into the architecture is a highly effective strategy, al-
lowing a specialized, geometry-aware model to outperform
general-purpose LLMs. More fine-grained results and anal-
ysis based on object attributes can be found in the supple-
mentary material.

As reported in Table 5, Gemini with dense visual input
(Video (Basic)) is the best method overall, as its dense video
sampling provides the most comprehensive scene context
for reasoning. The main exception is Narrative and Con-
textual Synthesis (NCS), where CoV performs better, likely
because its Bird’s Eye View input provides an immediate,
holistic blueprint of the room’s layout. GeoThinker strug-
gles with advanced reasoning, but fine-tuning it on our data
increases its performance, as shown in Fig. 4 and Tab. 5.
Text-based metrics have been provided in the supplemen-
tary material.

6. Conclusion
In this work, we introduce SceneBench, a novel large-scale
benchmark of 966 photorealistic 3D scenes captured via
Gaussian Splatting, designed to bridge the gap between 2D
image analysis and true 3D spatial intelligence. By im-
plementing a hierarchical, tree-based annotation structure
spanning scenes, rooms, functional areas, and individual
objects, we provide a benchmark that captures both fine-
grained visual detail and the hierarchical structural orga-
nization of real-world environments. Our extensive eval-
uation of current vision-language models across existence,
spatial intelligence, and multi-step reasoning tasks reveals
significant performance bottlenecks, particularly as hierar-
chical complexity increases. While models perform rea-
sonably well on basic recognition tasks, their performance
drops substantially when required to reason across seman-
tic levels or integrate fine visual details with spatial re-
lationships. These findings highlight limitations that are
not exposed by existing benchmarks and demonstrate the
need for new evaluation settings that reflect the complex-
ity of real environments. As such, SceneBench provides
a realistic testbed for diagnosing model capabilities and
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guiding the development of future vision-language systems
with stronger spatial intelligence. We hope SceneBench
will enable the community to develop and evaluate vision-
language models with stronger spatial intelligence in pho-
torealistic 3D environments.
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SceneBench: A Hierarchical Benchmark for Vision-Language Understanding of
3D Scenes

Supplementary Material

7. Overview
This supplementary includes additional materials not in-
cluded in the main paper.
• Section 8: Details the Data Generation Process, cov-

ering scene video generation, hierarchy generation, and
question generation.

• Section 9: Reports the Data Statistics of the released
question set, broken down by question type, visual at-
tribute, and reasoning sub-category.

• Section 10: Presents Additional Results not included
in the main paper: reasoning text-similarity metrics,
a granular per-attribute and per-hierarchy-level perfor-
mance breakdown, results for GeoThinker with additional
frames, and the average frame usage across methods.

• Section 11: Provides an overview of the Human Eval-
uation Interface used for rating the quality of question-
answer pairs.

• Section 12: Displays Qualitative Results illustrating the
performance of various methods on our benchmarking
tasks.

8. Data Generation Process
8.1. Video Generation Process
For the ScanNet++ dataset [48], video sequences are con-
structed by leveraging the high-quality continuous frames
natively provided by the dataset. In contrast, for the syn-
thetic InteriorGS dataset [34], camera trajectories are pro-
grammatically generated by first processing the scene’s
2D occupancy map to identify navigable spaces at three
heights: floor, mid-level, and flying. To define the path,
each subregion is partitioned into a 5 × 5 grid, from which
the centroid of the largest connected navigable space in
each cell is extracted as a waypoint. These waypoints are
then linked using the A* pathfinding algorithm to create a
raw, closed-loop navigation path that ensures comprehen-
sive coverage of the interior space.

To transition these raw paths into smooth, natural mo-
tion, we apply B-spline interpolation combined with a
curvature-aware sampling strategy. This method dynami-
cally increases the density of points in high-curvature seg-
ments, effectively slowing the camera during sharp turns to
mimic human-like observation. Finally, camera orientations
are determined by calculating “look-at” vectors based on
future path coordinates, which are smoothed via a moving
average filter. These 2D trajectories are then projected into
3D space using height offsets from the occupancy metadata

to generate the final world-to-camera matrices for render-
ing. On a sample of scenes we manually compared these
automatically generated videos against videos recorded by
moving a camera through the scene by hand, and found the
two to be of comparable quality for annotation.

We overlay instance ids of the objects in the videos by
projecting the center of the bounding box of the objects in
the image. All the renderings for images are created using
the gsplat [47] rasterizer.

8.2. Dataset Generation Process
Every stage described below is human-in-the-loop: we in-
spect the model outputs, revise the prompts and model in-
puts in response to recurring failure cases, and re-run the
stage until its output is satisfactory before moving on.

8.2.1. Object Descriptions
We pass the videos with instance ids overlaid on them, a
file containing the list of objects where each object is rep-
resented by its class label, instance id, bounding box rep-
resented using center and extent, and a list that specifies
how many instances of a particular object are present in the
scene to a VLM. The prompt used for this process is shown
in Fig. 7. The model outputs a JSON containing a list of
objects where each object contains a class label, an instance
id, the description, and the location of the object. Then, we
check whether the descriptions for all the objects are gen-
erated or not. For objects whose descriptions are missing,
we sample images of those objects by rendering the objects
from camera positions close to it. Once we have the de-
scriptions of all the objects, we use a validation prompt as
shown in Fig. 8, where we send descriptions and the video
to ask the VLM to correct any incorrect descriptions.

8.2.2. Hierarchy Generation
Our Hierarchy Generation is a multi-step process. The
steps are designed to produce a spatially and semantically
grounded scene hierarchy.

In the first pass of this process, we group the objects to-
gether based on their label names and proximity/location of
their bounding boxes. For example, if many objects with
label book are close in the scene, they are grouped together
in a books label. Because objects that share a label can still
be visually distinct, wherever possible an annotator manu-
ally splits such a group into separate sub-groups, for exam-
ple separating a tray of chocolate croissants from a tray of
strawberry tarts even though both instances carry the label
pastry. Additionally, we check for spatial relationships that
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Figure 5. (A) The base 2D occupancy map provided by the InteriorGS dataset, serving as the foundational navigational grid. (B) Top-
down view illustrating the sampled collision-free camera positions utilized for generating 360-degree panoramic images via 3D Gaussian
Splatting. (C) The global scene cleanly partitioned into localized semantic subregions (e.g., individual rooms) using simplified polygon
bounds to support targeted scene understanding. (D) Extracted 3D video camera trajectories plotted at low (floor), high (flying), and mid-
level elevations. The elevation levels are color-coded as follows: lime (floor), red (mid-level), and dodgerblue (flying).

can be derived from bounding box information. For exam-
ple, if a wardrobe object has cloth, ornament and other such
objects inside of it, they all will be grouped in a wardrobe
and its parts label. This process continues until all objects
are associated with one of the 3 parent classes: Floor, Wall,
or Ceiling.

On the second pass, we take this algorithmically gener-
ated hierarchy, along with the object description json and
video of the subregion and feed it to a VLM with the hierar-
chy generation prompt as shown in Fig. 10. This then gives
us the hierarchy structure for each of the divided subregion.

We then join these hierarchies under a same parent node,
and the description and label of this node is generated by
providing the VLM with the scene video and the description
of the immediate child objects of the root node. The prompt
for generation of scene description is shown in Fig. 9.

Finally, to ensure proper grounded descriptions, we
query whether each inner node has the mention of its im-
mediate children or not and generate a list of ungrounded
objects and its parent description that should contain them.
Then, we provide the VLM with this information along with
the subregion video to ensure proper grounded description
at every level of the hierarchy. The prompt used for ensur-
ing grounding in descriptions is shown in Fig. 11.

8.2.3. Existence Based Questions
For each unique object label in the scene (e.g., cushion,
painting), all instances sharing that label are first aggregated
into a single group, and two questions are generated per
group, one positive and one negative. The positive ques-
tion targets an attribute present in at least one instance of
the group, while the negative question targets a plausible
distractor attribute that is physically possible for the ob-
ject category but visually absent from every instance in the
group. This visual dependency constraint ensures that neg-
ative questions cannot be answered by common sense alone

and require genuine visual inspection. As shown in Fig. 13,
only attributes that require high-fidelity rendering to per-
ceive are considered, while attributes such as shape, size, or
object state are explicitly excluded. The annotators subse-
quently check all questions in the test set and correct them
if needed.

8.2.4. Spatial Intelligence Based Questions

From the object descriptions, we use a label based filter to
select objects that usually have high detailed visual features
in them like paintings etc. After this we search for high
detailed visual features key-words in the description of the
objects to select additional objects. If there are multiple
instances in a class then all instances are selected in this
process. If there are multiple instances of an object class,
then we render some representative images for each object.
These images and the object descriptions are sent to a vision
language model along with the prompt shown in Fig. 12 to
generate unique referring expressions for each object in the
class. Long free-form descriptions are converted into short,
distinct referring expressions to refer to the objects. Ad-
ditionally, we also extract the common features from the
objects in this class during this step. The common fea-
tures are used to create object count questions. We use the
referring expressions together with the object geometry to
generate the rest of the spatial intelligence questions (object
size, absolute distance, relative distance, and relative direc-
tion). The ground-truth metric quantities for these questions
(object dimensions and inter-object distances) are computed
directly from the 3D object bounding boxes provided with
the original datasets, ScanNet++ [48] and InteriorGS [34].
The questions are created using the same template as in this
work [45]. The annotators subsequently check all questions
in the test set and correct them if needed.
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8.2.5. Reasoning Based Questions
Reasoning-based questions test deep spatial, functional, and
causal understanding of the scene, going beyond simple at-
tribute or count queries. As shown in Fig. 14, the VLM
is provided with the scene video and the full scene hierar-
chy JSON, and is tasked with generating at least one ques-
tion from each of 12 distinct reasoning categories. These
categories span a broad spectrum of inferential difficulty,
ranging from high-level narrative synthesis to fine-grained
physical reasoning.

To ensure that answers are grounded in observable ev-
idence rather than free-form speculation, each question is
accompanied by a structured reasoning chain that follows
a strict observational protocol, progressing from a broad
scene overview down to specific object-level details, be-
fore arriving at an inference and final synthesis. Object
instance IDs from the scene hierarchy are explicitly refer-
enced at each step to anchor the reasoning in the scene’s
spatial structure.

8.2.6. Question Attribute and Level
For each existence question we record which visual feature
of the referenced object class the question probes; this may
itself be more than one feature (e.g. color and material).
For spatial intelligence questions the situation is richer: ev-
ery referring expression carries its own list of features, and
a question is built from several referring expressions, so it
is associated with the features of multiple objects. This at-
tribute mapping drives the statistics in Tabs. 8 and 9 and the
fine-grained comparison in Fig. 6. Questions probing multi-
ple attributes are counted redundantly across all relevant at-
tribute categories for both existence and visual-spatial intel-
ligence tasks. Furthermore, from the hierarchical descrip-
tions of the objects in the scene, we can determine the depth
level associated with each object. We use the maximum
level over all the objects associated with a question as the
level of that question. We present the level-based break-
down for existence and visual-spatial intelligence questions
in Fig. 6.

9. Data Statistics
Table 6 summarizes the composition of the benchmark. The
dataset contains 33,524 question–answer pairs (7,213 test
and 26,311 train) drawn from 966 scenes: 584 real-world
scenes from ScanNet++ [48] and 382 synthetic scenes from
InteriorGS [34], split into 766 training and 200 held-out
test scenes. Reasoning is the largest category (11,279 ques-
tions); its per-sub-category counts are given in Tab. 7, where
the twelve categories are seen to be sampled near-uniformly,
one question per category per scene wherever possible.

Tables 8 and 9 report which features are used to pick out
the objects each question refers to. A question that names
two features (e.g. a white marble vase, referenced by color

Table 6. Question counts by type, split into the training and held-
out test sets. Reasoning aggregates the twelve sub-categories de-
tailed in Tab. 7.

Question type Test Train Total

Existence 1,470 4,300 5,770
Count 1,174 4,073 5,247
Object Size 678 2,750 3,428
Absolute Distance 583 2,187 2,770
Relative Distance 646 2,516 3,162
Relative Direction 291 1,577 1,868
Reasoning 2,371 8,908 11,279

All types 7,213 26,311 33,524

Table 7. Granular breakdown of the Reasoning questions by sub-
category (Test / Train / Total counts); the corresponding task defi-
nitions are given in the main paper. The twelve categories are sam-
pled near-uniformly, one question per category per scene wherever
possible.

Sub-category Test Train Total

NCS Narrative and Contextual Synthesis 203 743 946
BWA Behavior and Workflow Analysis 195 741 936
DCI Design and Curation Intent 203 743 946
TFA Temporal Forensic Analysis 208 744 952
FGA Functional and Goal-Oriented Analysis 195 743 938
CA Comparative Analysis 195 742 937
CR Counterfactual Reasoning 195 742 937
AAA Anomaly and Absence Analysis 197 742 939
DOM Dependent Object Manipulation 195 742 937
SLC Structural Load and Capacity 195 742 937
FOA Functional Occlusion and Accessibility 195 742 937
SHP Systemic Hazard Propagation 195 742 937

All reasoning 2,371 8,908 11,279

Table 8. Visual-feature composition of the Existence questions
(Test / Train).

Feature bucket Test Train

color 496 1,626
material 645 2,286
texture 81 270
text 92 82
depicted content 259 221
lighting properties 29 84

questions 1,470 4,300

and material) is counted under both, so a question can ap-
pear in more than one row and a column need not sum to
the question total.

Each Existence question probes a single visual feature of
the referenced object class. Color and material are more fre-
quent compared to texture, depicted content, text, and light-
ing properties attributes. Visual–Spatial Intelligence ques-
tions contain multiple objects referred to by different visual
attributes, and attributes besides color and material are also
well represented. Entries in the Other category primarily

3



Table 9. Feature composition of the visual–spatial intelligence question types (Test / Train).

Count Obj. Size Abs. Dist. Rel. Dist. Rel. Dir.

Feature bucket Test Train Test Train Test Train Test Train Test Train

color 771 2,994 543 2,251 553 2,062 646 2,514 286 1,532
material 497 1,862 260 1,035 347 1,249 571 2,151 230 1,120
texture 314 1,176 121 467 178 619 345 1,220 149 629
text 361 1,327 147 560 214 750 406 1,471 164 728
depicted content 365 1,544 182 735 268 984 462 1,805 139 980
lighting properties 21 92 6 28 18 55 29 107 8 56
Other 223 615 112 520 218 773 343 1,409 104 816

questions 1,174 4,073 678 2,750 583 2,187 646 2,516 291 1,577

Table 10. Mean answer length (words) of the LLM-judged models,
with the ground-truth reasoning answers for reference. Computed
over the 2,340 test reasoning triplets.

Mean Median

Ground-truth answer 31.6 31
Gemini Video (Basic) 129.7 88
CoV 37.3 36
GeoThinker (16 frames) 29.9 23
GeoThinker (Finetuned) 28.7 29

contain non-visual properties, such as object positions.

10. Additional Results

10.1. Reasoning Text-Similarity Metrics
Table 11 reports the n-gram and consensus-based text-
similarity metrics for the free-form reasoning answers,
complementing the LLM-as-a-judge ratings reported in the
main paper. Across both datasets, the agentic method
CoV and the fine-tuned GeoThinker produce answers that
most closely match the ground-truth phrasing, with Geo-
Thinker (Finetuned) achieving the highest BLEU-1, CIDEr,
METEOR, and ROUGE-L scores on both ScanNet++ and
InteriorGS. Conversely, the dense-video VLM (Gemini)
scores lower on text-based metrics despite being the top-
performing model under the LLM-as-a-judge evaluation.
This discrepancy is likely due to Gemini’s responses be-
ing significantly longer because they contain more detailed
step-by-step reasoning than those of other models (Ta-
ble 10), which is penalized by n-gram matching scores.

10.2. Granular Performance Breakdown
Figure 6 presents model performance along two axes: the
visual attribute a question probes, and the depth of the ref-
erenced object in the scene hierarchy. In visual-attribute
recognition, video-based VLMs are consistent across all
attribute categories, indicating a robust ability to perceive
fine-grained visual detail; GeoThinker reaches a compara-
ble profile only after fine-tuning on our data. Along the

Table 11. Reasoning benchmark results. We report BLEU-1 (B1),
BLEU-4 (B4), CIDEr (C), METEOR (M), and ROUGE-L (R-L).
The bold and underlined values represent the top-1 and top-2 per-
formance among all models, respectively.

ScanNet++ InteriorGS

Method B1 B4 C M R-L B1 B4 C M R-L

Gemini-Based Models
Video (Basic) 10.32 1.83 6.79 13.58 16.03 12.45 2.33 7.88 15.19 18.15
Video (CoT) 11.16 1.55 3.03 11.81 12.53 10.74 1.50 4.06 13.71 15.96
Panoramic 8.92 1.60 3.58 14.03 16.01 9.80 1.63 6.41 14.51 17.29
Qwen-Based Models
Video (Basic) 6.88 1.32 0.00 12.38 11.69 7.48 1.35 0.00 12.57 12.62
Panoramic 5.56 1.08 0.00 10.98 9.22 5.34 1.01 0.00 10.85 8.91
Agentic Methods
CoV 28.27 5.24 23.00 15.14 23.10 27.21 4.80 19.82 14.83 22.54
Think3D 1.38 0.25 2.58 2.92 4.05 0.47 0.09 2.69 2.76 4.26
Geometry Integrated VLMs
GeoThinker (16 frames) 22.12 3.88 14.27 10.25 18.74 25.96 4.67 16.46 11.53 20.42
GeoThinker (Finetuned) 35.52 9.81 58.53 16.19 30.44 36.01 0.97 61.73 16.52 31.52

hierarchy-depth axis, most models perform well up to lev-
els 4–5 and struggle at higher depths. Video (CoT) and Geo-
Thinker (Finetuned) are the only methods that retain accu-
racy at the deepest (leaf) levels.

10.3. Results of GeoThinker with more frames
As illustrated in Tab. 12, Tab. 13 and Tab. 14, increasing
the number of image frames improves the performance of
GeoThinker [22] for most tasks.

10.4. Frame Usage Across Methods
Table 15 reports the average number of frames consumed
per question for all evaluated methods. Non-agentic meth-
ods such as Video (Basic) consume a fixed frame budget
determined entirely by the video length, resulting in sub-
stantially higher frame counts (165–330 frames on Scan-
Net++). In contrast, agentic and geometry-aware methods
operate on much smaller budgets. GeoThinker uses a fixed
number of frames regardless of scene complexity (16, 32 or
64), while CoV [52] adaptively selects frames based on the
scene, consuming an average of 18.6 and 20.34 frames on
ScanNet++ and InteriorGS, respectively. The CoV frame
count consists of three components: 16 fixed frames for ini-
tial view selection, 1 Bird’s Eye View (BEV) frame, and a
small number of additional adaptive frames (2.6 on Scan-
Net++, 3.34 on InteriorGS). Think3D [51] uses 16 uni-
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A B C D

Figure 6. Granular breakdown of existence and visual–spatial intelligence performance. (a) Object-existence accuracy categorized
by the probed visual attribute; (b) visual–spatial intelligence performance relative to the same attributes; (c) existence accuracy across
hierarchy levels, from global scene level (Root) to fine-grained object level (Leaf); (d) visual–spatial intelligence consistency across
hierarchy levels.

Table 12. Existence Question benchmark results categorized by
architecture. We report Precision (Prec), Recall (Rec), F1 Score,
and Accuracy across ScanNet++ and InteriorGS dataset for differ-
ent number of frames in GeoThinker.

ScanNet++ InteriorGS

Method Prec Rec F1 Acc Prec Rec F1 Acc

GeoThinker (16 frames) 0.60 0.86 0.71 0.65 0.66 0.77 0.71 0.67
GeoThinker (32 frames) 0.61 0.85 0.71 0.66 0.61 0.79 0.69 0.63
GeoThinker (64 frames) 0.62 0.84 0.71 0.67 0.63 0.79 0.70 0.65

Table 13. Spatial Intelligence benchmark results. We report Object
Count (Cnt), Object Size (Sz), Absolute Distance (Abs), Relative
Distance (Rel-D), and Relative Direction (Rel-Dir) for different
number of frames in GeoThinker.

ScanNet++ InteriorGS

Method Cnt Sz Abs Rel-D Rel-Dir Cnt Sz Abs Rel-D Rel-Dir

GeoThinker (16 frames) 0.19 0.57 0.33 0.47 0.51 0.24 0.48 0.16 0.28 0.36
GeoThinker (32 frames) 0.27 0.59 0.33 0.52 0.53 0.27 0.50 0.22 0.27 0.40
GeoThinker (64 frames) 0.29 0.58 0.35 0.51 0.54 0.30 0.50 0.20 0.29 0.40

Table 14. Reasoning benchmark results. We report BLEU-1 (B1),
BLEU-4 (B4), CIDEr (C), METEOR (M), and ROUGE-L (R-L)
for different number of frames in GeoThinker.

ScanNet++ InteriorGS

Method B1 B4 C M R-L B1 B4 C M R-L

GeoThinker (16 frames) 25.98 4.77 18.19 11.52 20.90 27.89 5.24 18.91 12.43 22.32
GeoThinker (32 frames) 27.06 4.81 18.68 11.91 21.33 27.85 5.27 20.16 12.54 22.61
GeoThinker (64 frames) 27.17 4.79 19.31 12.17 21.63 27.65 5.09 19.84 12.71 22.68

formly sampled image frames. Besides this it also samples
some frames internally from the video.

11. Human Evaluation Interface

We developed a user rating interface using the viser library
to facilitate a seamless evaluation of 3D scene-specific QA
pairs. The interface streamlines the assessment process by
providing a dynamic 3D environment where users can in-
teractively verify model outputs.

Table 15. Average number of frames consumed per question
across methods on ScanNet++ and InteriorGS datasets. * repre-
sents additional sampling from video.

ScanNet++ InteriorGS

Method Frames Frames

Gemini-Based Models
Video (Basic) 165 177

Qwen-Based Models
Video (Basic) 330 354

Agentic Methods
CoV 16+1+2.6 16+1+3.34
Think3D 16* 16*

Geometry Integrated VLMs
GeoThinker 16,32,64 16,32,64
GeoThinker (Finetuned) 16 16

User and Scene Management. Upon initializing the in-
terface, users must either create a unique profile or log in
to an existing one to track their progress and save ratings
(Fig. 23). A dropdown menu allows users to switch between
different scenes, which dynamically loads the correspond-
ing Gaussian Splatting data and labels. Once a scene is ac-
tive, the interface populates a flattened list of questions sam-
pled for that specific environment. Users navigate through
these pairs using “Next Question” and “Previous Question”
buttons, which automatically update the 3D visualization,
camera focus, and sidebar information.

Visualization and Feedback. To assist users in rapid
identification, the system overlays object labels and 3D
bounding boxes directly onto the scene, employing a color-
coded highlighting scheme based on the question type. For
existence and count queries, the system highlights target ob-
jects in green and contextually relevant objects of the same
class in yellow, as illustrated in Fig. 24 and Fig. 25. In size
and absolute distance tasks, all referred objects appear in
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green (Fig. 26). Relative distance questions utilize a cyan
box for the reference object, while highlighting the cor-
rect choice in green and incorrect choices in red. For rela-
tive direction, the interface distinguishes between the origin
(blue), target (cyan), and selected (green) objects (Fig. 24).
Conversely, for reasoning tasks, the interface provides no
automated highlighting; instead, users are encouraged to
explore the 3D scene freely to verify the complex logic pre-
sented in the sidebar (Fig. 27). After evaluating a pair, users
assign a rating from 1 to 5, which is then stored in their local
user profile.

Question Distribution. The user study involves a cu-
rated selection of 100 questions sampled from 10 different
scenes. This sample set includes some perturbed samples
as well. The specific details regarding task types and their
corresponding sampled and perturbed counts are provided
in Tab. 16.

Sample Perturbation. To evaluate model robustness, we
systematically perturb a subset of the questions across all
task categories. For existence queries, we flip the ground
truth by changing a “Yes” question to “No” or vice versa. In
counting tasks, we modify the question by adding or remov-
ing instances of the target class, or we alter the question’s
descriptive attributes—for example, changing “red chair” to
“black chair”—to invalidate the original count.

For absolute distance and size tasks, we perturb the
ground truth by multiplying or dividing the numeric value
by a random factor between 5.0 and 10.0. For relative di-
rection and relative distance tasks, we reassign the ground
truth to a logically incorrect option. Finally, for reason-
ing triplets, we utilize a Large Language Model (LLM) to
rewrite valid questions into plausible but logically flawed
alternatives. While the question text remains unchanged,
the answers are rendered incorrect by referencing objects
that do not exist in the scene or by modifying the reasoning
steps to lead to erroneous answers.

User Study Results. The user study included 7 people.
As illustrated in the main paper, the users have given the
clean samples a high average rating and a consistently better
score than the perturbed samples. The difference is partic-
ularly noticeable for relative distance and relative direction,
questions that humans find easier to answer. The gap be-
tween the perturbed and real samples is much smaller for
questions like absolute distance and object sizes, which are
generally harder questions to answer as they require users
to guess.

Table 16. Distribution of sampled questions for human evaluation
across different task types, including the count of perturbed sam-
ples.

Task Type Total Sampled Perturbed Samples

Existence 14 2
Counting 14 3
Object Size 13 3
Absolute Distance 13 3
Relative Distance 13 3
Relative Direction 13 3
Reasoning 20 3

Total 100 20

12. Qualitative Results
We present qualitative results for several methods across all
task categories. Figure 20 shows the results for existence
type questions. Figure 15, Fig. 16, Fig. 17, Fig. 18 and
Fig. 19 show results for spatial intelligence type questions.

Figure 21 and Fig. 22 present results for the 12 total types
of reasoning tasks, displaying one example for each type
across the two figures (6 types in each figure). In these rea-
soning questions, we compare the performance of Gemini
Video Basic, CoV, GeoThinker, and GeoThinker-finetuned.
For reasoning answers of Gemini involving long text, we
use ellipses to maintain conciseness and visual clarity.
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Description Generation Prompt
You will be provided with:

1. A video of a 3D Gaussian Splat scene, which contains overlaid labels showing the numerical IDs of both regular and composite objects.

2. A JSON file containing a list of objects in the scene, including their unique numerical IDs, names, and bounding boxes' centre and dimensions(extends along the axes) value. This JSON file also includes composite objects whose 
labels contain "_C".

The scene includes the following objects, with their number of occurrences:

{object_list_string}

Your task is to analyze the video and, for each object that is:

- listed in the JSON file,

- has its label displayed in the video,

- and is **not a composite object (label does not contain "_C")**,

generate a detailed grounded description in the following structured format.

**Composite objects (with "_C" in their labels) must never be described, even if they appear in the video with visible labels.** {{

  "id": <object_id>,

  "name": "<object_name>",

  "description": "<A detailed visual description of the object strictly based on what is visible in the video. The description must be between 50 and 200 words and include as many of the following observable attributes as possible:

  - Color(s): dominant and secondary colors, patterns, or gradients.

  - Material: what the object appears to be made of (wood, plastic, metal, glass, fabric, etc.).

  - Surface texture and finish: smooth, rough, glossy, matte, reflective, transparent, translucent, fuzzy, or worn. Include scratches, dents, stains, or irregularities if visible.

  - Embedded or printed content: if the object includes paintings, images, or screens, describe the content.

  - Textual information: transcribe any visible, legible text and describe its style.

  - Affordances: visible features suggesting interaction (handles, buttons, covers, etc.).

  - Part composition: visible components (e.g., “lamp with a conical shade and a metallic base”).

  - Notable visual effects: describe changes with lighting or movement (e.g., reflections, shadows, glints).

  Important: This is a 3D Gaussian Splat scene. Do **not** describe rendering artifacts caused by Gaussian splatting (e.g., blob distortions, transparency flicker, ghosting). Focus only on the stable and identifiable appearance of 
the object.

  The description must be specific, detailed, and grounded entirely in observable visual evidence from the video. Do not assume details that are not visible.>",

  "location": "<Provide a detailed spatial and relational grounding of the object in the scene. NEVER use view-dependent terms like 'left', 'right', 'behind', 'back' or 'front'. Instead, Use 'next to', 'adjacent to', 'in between', 'above', 
'underneath', 'on top of', etc. Include at least 3 other objects for spatial relationship, based on:

  - What the object is supported by (e.g., placed on a table, on a shelf, hanging from the ceiling, on a wall, on the wooden floor).

  - Using the bbox_info in JSON, find similar sized, or bigger, spatially close objects that the object lies between or next to. Verify them and their relative position using the video, accurately based on views from all directions.

  - If the object is part of a larger container structure (e.g., a shelf in a bookcase, drawer in dresser), mention the object's relation with nearby similar sized objects(if there is) for spatial description. Do not mention other 
independent objects outside of the container object as a spatial relation to this current object.

  - For a freestanding object, describe spatial relations with other freestanding objects nearby. Do not mention the items inside itself (check using bbox_info from JSON), or other small objects inside other freestanding objects, as 
its spatial relations.

  - For a container object, don't mention objects lying inside it as a spatial relationship.

  - Always reference spatial relations by the actual label name and numerical ID (e.g., 'between High Chair [12] and High Chair [15]'). Avoid Clusters, identified by _C in their names, in the spatial description. For objects close to a 
cluster(with _C), mention the proximity, for example: near a stack of books, close to a collection of grocery items, etc.').

  - Differentiate if the relative position is directly below, or on the upper right, or lower left, etc.>",

  "image_needed": <true or false. Set to true ONLY if the video trajectory fails to show key angles or sides of the object required for a complete description (e.g., camera only shows the back of a monitor, never shows the label of 
a bottle, or stays too far away to see details), specifically due to the camera path limitations. If the object is not visible because it is occluded/blocked by other objects, set this to false. If the object is sufficiently visible, set to 
false.>,

  "object_details": "<A visual inspection of the 3D object from the video, it can have one of the following 3 values

  - detailed : if the object details are clearly visible from multiple angles, and if the object can be described in detail, it should have this value, the object should also have visible text, images, painting, annotations, labels, numbers 
e.t.c.

  only include objects in detailed if we can describe things about it in very fine details, example being description of name of a book, things on a painting, pose of a statue or ornament, sharpness of tools, bluntness of things, its 
material, etc.

  If it is visually clear but the object is bland with no fine grained details we can complexly describe, keep it in label "normal"

  - normal: the object is visible and we can understand what the object through the video alone and the label name is not necessary, but the object is not shown

  well in detail, there may be blemishes, rogue gaussian splats, it may be occlueded by other objects so fine grained details could not be described.

  - missing : this object would could not be identified without or even with the label name, such objects could be heavily occluded, blurred or the

  gaussian for these objects may not be present as well, in such cases, give the key 'missing' to the object>"

}}

Output Format Reinforcement:

- Produce one JSON object per described object.

- If multiple objects are described, return them in a JSON array.

- Do not output anything outside the JSON object(s).

- Objects with "_C" in their names must be skipped completely, even if visible and labeled in the video.

Examples of Expected Output:

Example 1:

{{

  "id": 12,

  "name": "Decorative Vase",

  "description": "This tall decorative vase has a slender cylindrical body that gradually narrows before widening at the rim. Its dominant color is cobalt blue, enhanced by lighter swirling patterns that resemble flowing water. The 
surface is glossy ceramic, reflecting light and revealing tiny imperfections in the glaze. Around the midsection, hand-painted golden floral motifs appear, though some are faded and worn, suggesting age or frequent handling. 

                           The rim’s edge has a darker glaze, giving the vase a subtle gradient. Overall, the piece conveys artistry and craftsmanship, combining elegance with a slightly aged patina that enhances its uniqueness.",

  "location": "Placed on Wooden Table [04], between Candle Holder [07] and Fruit Bowl [11], directly below Chandelier [01]",

  "image_needed": false,

  "object_details": "detailed"

}}

Example 2:

{{

  "id": 38,

  "name": "Wooden Chair",

  "description": "The chair not visible but the label name suggests it is a wooden chair",

  "location": "Positioned at Dining Table [06], between Wooden Chair [31] and Wooden Chair [39], opposite Vase [15]",

  "image_needed": false,

  "object_details": "missing"

}}

Example 3:



{{

  "id": 27,

  "name": "Wine Bottle",

  "description": "This wine bottle has a tall, narrow neck leading into a dark green glass body with a smooth and reflective surface. A rectangular cream-colored paper label is affixed to the front, bordered in fine black lines. The 
label features decorative serif-style text, but much of the writing is blurred and partially obscured by glare from lighting in the scene. Only fragments of the larger title appear legible, while smaller lines remain unreadable. 

                            The metallic bronze foil cap on the top catches light at different angles, producing a shimmering effect. Its refined design suggests a premium product, though exact branding details remain uncertain due to the 
blur.",

  "location": "Placed upright on Dining Table [05], between Plate [13] and Glass [18], adjacent to Wine Bottle [28]",

  "image_needed": false,

  "object_details": "detailed"

}}

Example 4:

{{

  "id": 31,

  "name": "Wooden Chair",

  "description": "The chair is constructed from medium-toned polished wood with a sturdy, rectangular backrest featuring three evenly spaced vertical slats. Its seat has a slight curve, suggesting ergonomic shaping for comfort, 
and the surface reflects subtle highlights that indicate a semi-gloss finish. The wood grain is clearly visible, giving a natural and organic feel to the piece. Minor scratches and scuffs along the legs reveal signs of frequent use. 

                            The construction includes four straight legs supported by horizontal stretchers, providing stability. Overall, the chair combines practicality with a traditional design, showing durability while retaining a warm, rustic 
character.",

  "location": "Positioned at Dining Table [05], between Wooden Chair [32] and Wooden Chair [33], opposite Vase [12]",

  "image_needed": false,

  "object_details": "normal"

}}



Important Notes:

The description must reflect only the visible and observable properties from the rendered video.

Spatial grounding in the location field must use object names and numerical instance IDs from the annotations.

When multiple instances of the same object type exist, use name + ID-based grounding (e.g., "Fruit [11]") to disambiguate them clearly.

Output must begin directly from the JSON object; do not write anything before or after it.

Only describe objects present in the provided JSON file (even if the video shows more).

The object_details key must be carefully decided as all other process uses it, it should be detailed only if both visuals and descriptions are detailed and we can infer more fine grained details, and it should be 'missing' if we could 
not describe or identify it without its label name or even with its label name, not visual cues are present for its description. All other objecs can be given normal value.

Figure 7. Description Generation Prompt.
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Description Validation Prompt
Validate and refine this object description from a video.
 


**Current Description:**

- id: {item['id']}

- name: {item['name']}

- description: {item.get('description', 'N/A')}

- location: {item.get('location', 'N/A')}

- object_details: {item.get('object_details', 'N/A')}



**Your Task:**

1. Watch the video carefully and locate this object: "{item['name']}"

2. Validate and improve the DESCRIPTION - provide accurate details about appearance, materials, color, style, condition

3. Validate and improve the LOCATION - describe where it is, what it's on/in/near, spatial relationships

4. Classify OBJECT_DETAILS as:

   - "detailed": Object is clearly visible with fine-grained details observable (textures, patterns, specific features), but not only visual, the object should be complex, it should be 
able to present deep details like texts, textures, material, e.t.c. Ideally, we should be able to ask and answer complex questions about the object by the video and the description.

   - "normal": Object is visible and discernible, basic characteristics can be identified

   - "missing": Object cannot be clearly identified from video alone, relies heavily on the label name
 


**Important:**



- Keep the same ID and Name

- Be specific and accurate based on what you actually see in the video

- For location, reference other objects using their relationship (e.g., "on top of the counter", "next to the sink")

- Don't make assumptions - only describe what's visible



Return ONLY valid JSON in this exact format:

{{

    "id": {item['id']},

    "name": "{item['name']}",

    "description": "validated and improved description here",

    "location": "validated and improved location here",

    "object_details": "detailed/normal/missing"

}}

Figure 8. Validation Prompt.

Scene Description Generation Prompt

    ROLE: You are a forensic level 3D gasussian scene video analyst.



    TASK: You will be given a video and a json, you will go through the json and get all the immediate children object of the scene and then you will 

               need to give me a proper scene name and description of the scene.



    CONSTRAINTS: The scene name should be 1-2 words eg: apartment, shop, salon, book store, and can be followed by a descriptive adjective 

         as well. eg: modern apartment, old book store, etc. The description must be grounding so every "room" from the scene must be         

         mentioned in name which can be taken from the "label" of the immediate child objects. The description has to be in paragraph format and 

         dont include any formatting.



    INPUT: A video file of the scene and a json hierarchy structure of the children object



    OUTPUT: Do not include any unnecessary and additional information, give me a json of such format, the ins_id must be -1

    {

        "label": "Example_scene_name",

        "ins_id": -1,

        "description": "Example_Scene_description",

    }

    This json should be the only output

Figure 9. Scene Description Generation Prompt.
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Hierarchy Generation Prompt
Assistant: Acts as a Scene Hierarchy Architect. The role is to analyze the provided JSON file containing object descriptions and locations, along with supporting visual and reference materials, 
and translate it into a structured, hierarchical JSON format based on the specified rules.

INPUT MATERIALS

labels_description.json - Primary source containing object descriptions and locations

Video of 3D Gaussian scene - Visual reference showing spatial relationships and scene layout

Programmatically generated hierarchy for reference (use as guidance but do not rely heavily on it)

ACTIONS

Analyze Input: Examine the provided labels_description.json file as the primary source. Use the detailed descriptions and explicit location data in the JSON to understand the spatial and 
functional relationships between objects. Reference the video to gain visual context of the 3D scene layout and observe how objects relate spatially. Consult the reference hierarchy JSON as 
supplementary guidance, but prioritize your own analysis over the programmatic suggestions.



Identify and Group Levels: Create a hierarchy with  distinct levels, prioritizing both logical and spatial coherence:



Level n – Subregion: Identify the primary subregion of the scene (e.g., "bedroom"). This level is the root of the hierarchy and contains all other objects and groups.

Level n-1 – Major Functional Areas: Group objects into distinct functional areas within the subregion (e.g., "wardrobe region", "table region", "counter region"). Groupings are based on shared 
purpose and physical proximity as observed in the video and confirmed by the JSON data. Each Level 2 group must include a reason explicitly explaining why this group was created. If similar 
regions are physically apart, e.g. 2 tables separated physically in the room, they must be considered 2 groups named "table_1" and "table_2", similar for shelves in a closet and other such 
conditions. Just remember that Ceiling is its own hierarchy and will always be here.

Level n-2: More groupings that could be more granual for example clusters of related object groups, bowls of fruits or a whole shelve section, lower goupings could be a single group from these 
groups and so on.

continue the granulatiry for lower levels

Level 1 – Object Clusters: Within each Level 2 area, identify smaller clusters of related objects (e.g., "bowl of fruits", "vase of flowers", "shelf of a wardrobe"). These clusters are for items that are 
not just near each other but also function as a collective unit. Each Level 3 cluster must also include a reason. If an object does not logically or spatially fit into a Level 3 cluster, place it directly 
under Level 2.

Level 0 – Individual Objects: Contain the individual atomic objects that compose a Level 3 cluster. These will only need description, not reason.

Cross-Reference Analysis:



Use the video to validate spatial relationships described in the JSON

Compare your analysis with the reference hierarchy, noting useful groupings while maintaining independence in your final decisions

Resolve any discrepancies by prioritizing the JSON descriptions and video evidence over the reference hierarchy

Structure Output:



Generate a single structured JSON object with the keys level_1, level_2, ...... level_n-1, level_n.

Each level must include:

label (group name or object label), if the object cluster name is too generic, you can modify it from the hierearchy json as well, for example, "book and its parts -> book shelf lower 
compartment" after visual validation that it is indeed book shelf lower compartment.

ins_id (copy the ins id from the structuer, and if not give, keep it as 0)

description (overall description of the group or object)

the description for the hierarchy format clusters may be empty as well or not have a description at all, so you have to add descriptions in that case as well, dont leave it blank

reason (only for levels 2 and 3, explicitly explaining the division)

location (location of the object, devoid of any direct directions like "left", "right", "east", "west". Location must be relative to the parent level and the sibling objects only.)

children (an array containing the nested objects or groups at the level below)



Ensure Completeness and Accuracy:



Every object from the input JSON must be present in the final hierarchy.

The objects in the input JSON are generrally of level 4, but some indicated by _C in lable are level 3 groupings that already have

descriptions, so add the objects in the level accordingly as well.

No new objects, attributes, or locations may be invented.

All object names, IDs, and descriptions must be copied directly from the source JSON.

Validate groupings against the visual evidence from the video.

GOALS

Generate a complete, well-structured JSON hierarchy that accurately reflects the logical and spatial organization of the scene as evidenced by both the JSON data and video.

Provide explicit reasoning for the creation of each Level 2 and Level 3 group in the reason field.

Use the reference hierarchy as helpful guidance while maintaining analytical independence.

Ensure all objects are accounted for without fabricating any new information.

Deliver the final result strictly as a single, clean JSON object that adheres to all formatting and content requirements.

RESPONSE FORMAT

Respond only with the JSON object in the structure shown below. Do not include any extra text, explanations, or commentary.

OUTPUT SCHEMA (Template):

{

  "level_7": {

    "label": "subregion_name",

    "ins_id": 123

    "description": "Overall description of the subregion and its purpose.",

    "location": "Next to the entrace, between the master bedroom and the kitchen"

    "children": [

      {

        "level_6": {

          "label": "functional_area_name",

          "ins_id": 22

          "description": "Neutral factual description of this area.",

          "reason": "Reason for grouping these objects (spatial proximity, shared function, etc.).",

          "location": "Placed in the center of the kitchen, this is located next to the cabinet[ins_id]"

          "children": [

            {

              "level_3": {

                "label": "object_cluster_name",

                "ins_id": 12

                "description": "Neutral factual description of this cluster.",

                "reason": "Reason for grouping these objects (collective function, close placement, etc.).",

                "location": "Located in the functional area, next to object_cluster_name, opposite to the entrance."

                "children": [

                  {

                    "level_0": {

                      "label": "object_label_from_json",

                      "ins_id": 4

                      "description": "Description of the atomic object from the JSON (copied/refined).",

                      "location": "Location of the atomic object from the JSON (copied/refined).",

                      "children": []

                    }

                  }

                ]

              }

            }

          ]

        }

      }

    ]

  }

}

Figure 10. Hierarchy Generation Prompt.
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Grounding Correction Prompt
[TASK]: You will be given a json file which will have parent objects, their instance ids, description and the description of their child objects.

    For the given input json, your task is to generate grounded description of the parent object based on the child labels and descriptions.

    A description is grounded if all the children labels are mentioned in the parent object and they are described accurately based on their description.



    [INPUT]: The input is the json file grounding_errors.json

    It has the following structure:

    [

    {

        "ins_id": id,

        "label": "label of parent object",

        "description": "Description of parent object that does not ground the children properly",

        "missing_labels": [

            "child_1 - description of child_1",

            "child_2 - description of child_2",

            "child_3 - description of child_3"

        ]

    },

    {

        "ins_id": id,

        "label": "label of another parent object",

        "description": "Description of parent object that does not ground the children properly",

        "missing_labels": [

            "child_1 - description of child_1",

            "child_2 - description of child_2",

            "child_3 - description of child_3"

        ]

    }



    [OUTPUT]: Generate a json structure with the grounded description and instance id of the parent object for which the descriptions were grounded.

    The structure of the output object should be

    [

    {

        "ins_id": id,

        "label": "Parent object label",

        "description": "Modified and completely grounded description"

    },

    {

        "ins_id": id,

        "label": "Parent object label",

        "description": "Modified and completely grounded description"

    },

    {

        "ins_id": id,

        "label": "Parent object label",

        "description": "Modified and completely grounded description"

    }

    ]



    [CONSTRAINTS]:

    1. Ground the parent description based on the child objecs that are missing, but do not remove any objects currently in the description itself.

    2. The description mustbe descriptive, not just a listing of child objects.

    3. Do not include any stylistic features in output like bolding, italics, emojis, etc.

    4. Just return the json object, do not include additional things before or after the json object.

Figure 11. Grounding Correction Prompt.
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Referring Expression Generation Prompt

You are an Expert Visual Inventory and Grounding System.

MISSION & CONTEXT

You are provided with a set of objects that all share the same generic `label`.

You must perform two distinct, high-precision tasks on this dataset.



1. **GROUNDING (Referencing):** Generate unique, unambiguous referring expressions for EACH object.

2. **INVENTORY (Grouping):** Identify visual variants across the set and count them based on shared visual features.

INPUT DATA



For EACH object, you will receive:

- ins_id (string): Unique identifier.

- label (string): The shared class label.

- description (string): Raw caption/description data.

- location (string): Spatial context or relationships.

- image: Visual data showing the specific instance



ATTRIBUTE DEFINITIONS (STRICT)

Extract attributes ONLY from the categories below for both Tasks. Do NOT create new categories or vague terms like "distinctive_visuals", "visual_uniqueness", etc.

- color: Dominant or explicitly stated colors of the object.

- material: Physical composition or surface material explicitly stated or visually evident.

- texture: Surface characteristics (e.g., smooth, rough, wrinkled, glossy, matte).

- lighting: Illumination conditions affecting appearance, inferred primarily from the image (e.g., bright, dim, shadowed), or explicitly mentioned.

- text_content: Any readable text present on the object, either visible in the image or explicitly mentioned in the description, excluding any superimposed label IDs.

- depicted_content: Images, symbols, logos, patterns, or illustrations present on the object, supported by the image or description.

- location: (Use for Task 1 only as a last resort or if visual attributes are identical)

  Spatial position relative to the scene or other objects (e.g., "on the left", "middle shelf"). *Do not reference objects of the same class or with similar objects.*



TASK 1: REFERRING EXPRESSIONS (DISAMBIGUATION VIA MINIMAL ATTRIBUTES)

**Goal:** Generate a natural language phrase that uniquely identifies a specific object from the rest of the set.

**Strategy (Important):**

1. **Comparative Analysis**: Compare all objects in the input set. Identify the "Delta" (the specific features that change between objects).

2. **Principle of Parsimony**: Use the **least number of attributes** necessary to uniquely differentiate the object.

   - If "red cup" is unique, do NOT generate "shiny red plastic cup".

   - **Only layer additional attributes if a single attribute is not enough to distinguish the object.**

3. **Attribute Priority**:

   - Priority 1 (Visuals): Color, Material, Texture, Lighting, Text Content, Depicted Content.

   - Priority 2 (Location): Use ONLY if visual attributes are identical (e.g., duplicates).



CONFIDENCE SCORING: REFERENTIAL CERTAINTY

Score the expression based on how **instantly and effortlessly** an observer can identify the specific object using ONLY your expression and the image.

- **high**:

  - **Visual:** The object and its attributes are crystal clear, fully visible, and prominent.

  - **Language:** The expression is **concise** (short & punchy), natural, and direct.

  - **Certainty:** There is zero chance of confusion. It identifies the target immediately.

- **medium**:

  - **Visual:** The object is visible but perhaps small, partially occluded, or in shadow, requiring careful looking.

  - **Language:** The expression is accurate but slightly verbose, or relies on indirect relationships (e.g., spatial location) rather than intrinsic features.

  - **Certainty:** Identification is possible but requires effort or deduction.

- **low**:

  - **Visual Quality:** The image is blurry, pixelated, too dark, or the object is severely occluded/cropped.

  - **Verbosity/Complexity:** The expression is **too long**, convoluted, or clumsy.

  - **Ambiguity:** The expression relies on subjective adjectives or comparisons to identical objects (e.g., "chair next to chair").

  - **Uncertainty:** You are guessing attributes that are not clearly supported by the visual evidence.



TASK 2: VISUAL INVENTORY (Grouping & Counting)

**Goal:** Group objects by their **Primary Visual Type** to create a high-level inventory.



**Strategy:**

1. **Broad Categorization**: Do not split groups based on minute details. Look for the **Dominant Attribute** that defines the "Type".

   - *Example:* If one vent has 5 slats and another has 6, but both are "white rectangular vents", GROUP THEM TOGETHER.

2. **Attribute Grouping**: Do not combine multiple attributes (like Color + Shape + Texture) to define a group. Pick the **ONE**  or at most **TWO** attributes that makes this variant distinct.

2. **Short Descriptions**: The `variant_description` must be natural, broad, and short (2-5 words).

   - **BAD:** "long rectangular tuyere with white frame and black horizontal louvers integrated into wall" (Too specific, too long).

   - **GOOD:** "white framed tuyere" (Focuses on the dominant "color" differentiator).

3. **Strictly Ignore Location**: Objects on the wall vs. ceiling are the SAME group if they look alike.

4. **Robustness**: For each group, explicitly state WHICH attribute category/categories are shared that define the group.



**Action:**

- Create a short `variant_description` using only the defining attribute(s).

- Count the instances.

- List `shared_attribute_categories` ONLY from the "ATTRIBUTE DEFINITIONS" list above.



OUTPUT FORMAT (STRICT JSON SCHEMA)

The input data frequently attaches IDs in brackets (e.g., `bed [198]`, `curtain [144]`). You must **strip** these artifacts completely from the output string (No bracketed numbers or raw IDs like [144] or 144).

Return a SINGLE JSON object containing two top-level keys: `object_details` and `groups_summary`.



**1. "object_details" (List)**

- Must contain one entry for EVERY input `ins_id`.

- "ins_id": String ID.

- "referring_expressions": A list of objects, where each contains:

    - "expression": Natural language phrase ending with the label (No IDs, e.g., [124] or 124).

    - "attributes": List of categories used. Use ONLY from the "ATTRIBUTE DEFINITIONS" list above.

    - "confidence": "high", "medium", or "low" based on above "CONFIDENCE SCORING" rule.



**2. "groups_summary" (List)**

- A list of the visual groups identified in Task 2.

- "variant_description": Short description of the visual type.

- "count": Integer.

- "ins_ids": List of `ins_id` strings belonging to this group.

- "shared_attribute_categories": List of attributes that make these objects identical (e.g. ["color"]).



EXAMPLE OUTPUT

(Scenario: Input contains 3 objects labeled "chair".

 - ID 101: Red plastic chair (Left)

 - ID 102: Red metal chair (Right)

 - ID 103: Wooden vintage chair -> Visually unique)

{

  "object_details": [

    {

      "ins_id": "101",

      "referring_expressions": [

        {

          "expression": "red plastic chair",

          "attributes": ["color", "material"],

          "confidence": "high"

        }

      ]

    },

  ...

  ],

  "groups_summary": [

    {

      "variant_description": "red chair",

      "count": 2,

      "ins_ids": ["101", "102"],

      "shared_attribute_categories": ["color"]

    }

  ]

}

"""


Figure 12. Referring Expression Generation Prompt.
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Existence Questions Generation Prompt
You are an expert in High-Fidelity 3D Scene Understanding and VQA Bias Mitigation.

Your task is to generate strict "Attribute Existence" questions based on the provided object metadata.



**Core Objective:** Generate questions that verify if an object with specific high-fidelity visual features exists in the scene. You must aggregate ALL objects of the same Label 
(e.g., "cushion", "painting") and treat them as a single category.



**Crucial Constraints:**



1.  **Allowed Features (High-Fidelity Only):** You may ONLY test attributes that require high-quality rendering to detect.

    * **INCLUDE:** `color`, `material` (texture, reflectance), `pattern`, `depicted_content` (e.g., what is drawn on a painting/poster), `text_content` (text written on the object).

    * **EXCLUDE:** `shape`, `size`, `count`, `geometry`, `state` (e.g., open/closed), or spatial relationships.



2.  **The "One Pair" Rule:** For each unique Label (e.g., "decorative painting"), you must generate **EXACTLY TWO** questions:

    * One **Positive ("Yes")** question.

    * One **Negative ("No")** question.

3.  **Group Validation Logic:**

    * **Positive:** The attribute must exist in **AT LEAST ONE** instance of that label. You must return the IDs of **ALL** instances possessing that attribute.

    * **Negative:** The attribute must exist in **ZERO** instances of that label. (You must cross-reference every object sharing this label to ensure none of them possess the 
distractor trait).



4.  **Visual Dependency (Anti-Bias):** "No" questions must not be answerable by common sense.

    * *Bad Distractor:* "Is there a glass towel?" (Logic: Towels are never glass).

    * *Good Distractor:* "Is there a silk towel?" (Logic: Towels can be silk, but visually these specific ones are cotton).



---



**Instructions:**



**Step 1: Aggregation**

Group the input objects by their `name` (label). If the input is already grouped, proceed to Step 2.



**Step 2: Analysis & Generation (Per Label)**

For each unique Label (e.g., "book"), look at the collective attributes of all instances.



**A. Generate ONE Positive Question (Answer: Yes):**

   - Select ONE attribute (e.g., "leather cover") present in *at least one* of the objects with this label.

   - **CRITICAL:** Identify the `ins_id` of **ALL** objects within this label group that possess this specific attribute.

   - *Logic Check:*

     - If the attribute is unique to one object, return a list containing that single ID.

     - If the attribute is shared by multiple objects (e.g., multiple "Red" books), return a list containing all their IDs.

   - Formulate: "Is there a [Attribute] [Label] in the scene?"



**B. Generate ONE Negative Question (Answer: No):**

   - Select a valid attribute category (e.g., material) from the group.

   - Choose a **Plausible Distractor** that is physically possible but visually absent from **ALL** objects in this group.

   - *Validation:* If Object A is "Red" and Object B is "Blue", you cannot ask "Is there a Blue Object?" as a negative for Object A. You must choose a color like "Green" that neither A 
nor B possesses.

   - Formulate: "Is there a [Distractor Attribute] [Label] in the scene?"



---



**Output Format:**

Return a JSON ARRAY of objects. Each object must have:

- "question": The text of the question.

- "answer": "Yes" or "No".

- "attribute_tested": The specific field being tested (e.g., "material", "depicted_content").

- "label_group": The object label being targeted (e.g., "decorative painting").

- "ins_id": A **LIST** of integer IDs of all matching objects. **(REQUIRED for "Yes" answers. OMIT for "No" answers).**



**Example Quality Check:**

* *Input:* Three "cushions".

    * Cushion A (ID: 101): "Velvet", "Red"

    * Cushion B (ID: 102): "Cotton", "Blue"

    * Cushion C (ID: 103): "Satin", "Red"



* *Output for "cushion":*

    1.  **Positive (Shared Attribute Case):** * Question: "Is there a red cushion in the scene?"

        * Answer: "Yes"

        * ins_id: [101, 103]  <-- Note: Returns BOTH IDs because both are Red.

    2.  **Positive (Unique Attribute Case):** * Question: "Is there a velvet cushion in the scene?"

        * Answer: "Yes"

        * ins_id: [101]       <-- Note: Returns single ID because only one is Velvet.



    3.  **Negative:** * Question: "Is there a leather cushion in the scene?"

        * Answer: "No"

        * (ins_id is omitted)

Figure 13. Existence Question Generation Prompt.
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Reasoning Questions Generation Prompt
You are a professional spatial analyst and interior logic expert. I will provide you with two inputs:

1.  **A Video** of a scene.

2.  **A Hierarchical JSON file** describing the objects in the scene. The root node contains the overall scene description, and its children contain descriptions of different parts of the scene, branching down until 
reaching individual objects.



Your task is to create reasoning questions and detailed answers for viewers who have analyzed this scene to test whether they truly understand the spatial, functional, and causal logic within it.



**Requirements for Question Generation:**

You must create at least one open-ended question from each of the 12 types of reasoning listed below.



**Reasoning Categories:**



Type 1: Narrative and Contextual Synthesis (NCS)

Task description: Synthesize a high-level "story" of the space by analyzing the scene's users and implicit values. Infer the demographic profile or socioeconomic status based on object quality and aesthetics.



Type 2: Behavior and Workflow Analysis (BWA)

Task description: Decode patterns of action. Identify recurring habits (in private spaces) or workflow efficiency (in public/commercial spaces).



Type 3: Design and Curation Intent (DCI)

Task description: Analyze deliberate aesthetic choices (color, texture, lighting) to infer the intended mood, brand identity, or user experience.



Type 4: Temporal Forensic Analysis (TFA)

Task description: Determine "what just happened" by identifying transient evidence (e.g., half-eaten food, open books). Focus on the most recent activity visible in the video timeline.



Type 5: Functional and Goal-Oriented Analysis (FGA)

Task description: Assess how effectively the layout achieves its primary purpose (e.g., ergonomics, conversational flow, product visibility).



Type 6: Comparative Analysis (CA)

Task description: Compare two or more objects or areas to infer meaning from their differences (e.g., comparing formal vs. casual zones).



Type 7: Counterfactual Reasoning (CR)

Task description: Test the limitations of the space by posing "what if" scenarios (e.g., stress-testing for emergencies or accessibility).



Type 8: Anomaly and Absence Analysis (AAA)

Task description: Identify objects that are contextually out of place (Anomaly) or essential items that are missing (Negative Space) based on scene norms.



Type 9: Dependent Object Manipulation (DOM)

Task description: Analyze the physical constraints and consequences of moving objects (e.g., spillage, toppling, chain of custody).



Type 10: Structural Load and Capacity (SLC)

Task description: Verify if containment relationships are physically viable. Assess if a support surface is visually capable of holding its contents.



Type 11: Functional Occlusion and Accessibility (FOA)

Task description: Determine if the arrangement of sibling objects blocks the usage of a target object (e.g., piles of paper blocking a keyboard).



Type 12: Systemic Hazard Propagation (SHP)

Task description: Trace the potential path of damage in a hypothetical failure (e.g., "If object X leaks, which object Y gets damaged?").



**Reasoning Step Protocol:**

The "reasoning" text must follow a strict observational path, moving from the general scene to specific details. Use these tags to label your steps:

1.  **[Scene Overview]:** Broad observation of the room type or global context (Root level).

2.  **[Area Inspection]:** Narrowing focus to a specific zone or section (Child level).

3.  **[Target Identification]:** Focusing on the specific object in question (Leaf level).

4.  **[Adjacent Observation]:** Looking at items next to or near the target (Sibling level).

5.  **[Fine Detail Observation]:** Reading text, checking brands, material states, or specific attributes.

6.  **[Inference]:** Deductive reasoning based on the observations.

7.  **[Synthesis]:** The final conclusion combining all evidence.



**Constraints:**

- The output must be a valid JSON list of objects.

- **Do not mention the existence of the video or the JSON file in the question, answer, or reasoning text.** Treat the scene as a real physical space you are observing directly.

- Use specific Object IDs (e.g., [12], [45]) from the input JSON in your reasoning steps to ground your observations.

- The "reasoning" field must follow a structured step-by-step format (Observation -> Inference -> Synthesis) as defined in the protocol above.

- The "answer" must be a direct, natural language conclusion derived from the reasoning.



**Output Format:**

The output must be a single JSON object containing a list of question objects.

**Crucial:** The "type" field must use the exact abbreviation defined in the categories above (e.g., "NCS", "BWA", "DCI").



Follow this structure exactly:



```json

[

  {

    "type": "NCS",

    "question": "What can be inferred about the resident's dietary habits and shopping patterns based on items in the entryway and secondary bedroom?",

    "reasoning": "Step 1 [Scene Overview]: In the entryway, a large collection of beverage cartons, specifically milk cartons [18], is stockpiled on the floor [59] in front of a small cabinet [34].\nStep 2 [Area Inspection]: On 
the white desk [11] in the secondary bedroom, two more milk cartons [9, 10] are present next to the computer peripherals.\nStep 3 [Fine Detail Observation]: The text \"BIO\" is clearly legible on the front of the milk 
carton [9] on the desk [11]. The brand name, \"Berchtesgadener Land,\" which is known for organic products, is also visible.\nStep 4 [Inference]: The large quantity of stockpiled milk cartons [18] indicates a pattern of 
bulk purchasing. The presence of two cartons on the desk [11] implies frequent consumption, possibly as a primary beverage during work or study.\nStep 5 [Inference]: The \"BIO\" label confirms a preference for organic 
products, a specific consumer choice reflecting a potential focus on health, sustainability, or particular food standards.\nStep 6 [Synthesis]: Combining the evidence of bulk purchasing (the stockpile [18]) with the 
specific product choice (organic milk from a known bio-brand [9]), it can be concluded that the resident is a regular, high-volume consumer of organic milk who likely stocks up to reduce shopping trips or save money.",

    "answer": "The resident is a high-volume consumer of organic milk, suggesting they buy in bulk and prioritize organic food products in their diet."

  },

  {

    "type": "TFA",

    "question": "What activity was most recently taking place in the kitchen?",

    "reasoning": "Step 1 [Scene Overview]: On the kitchen counter, next to the sink, there is a wooden cutting board.\nStep 2 [Fine Detail Observation]: On the cutting board, there are freshly chopped green vegetables, 
identifiable as spring onions or scallions due to their shape and color. A large kitchen knife is resting on the board beside them.\nStep 3 [Target Identification]: Inside the kitchen sink, a white bowl is filled with water and 
contains more leafy green vegetables that appear to be soaking or being washed.\nStep 4 [Inference]: The combination of a used cutting board, a knife, chopped ingredients, and soaking vegetables indicates that 
someone was in the middle of preparing a meal from fresh ingredients.\nStep 5 [Synthesis]: The concurrent evidence of the preparation stage (chopping on the board) and the cleaning stage (soaking greens in the 
sink) strongly suggests that the most recent significant activity was the active preparation of a meal, which was likely interrupted.",

    "answer": "The resident was actively preparing a meal, which involved washing and chopping fresh green vegetables."

  }

]

Figure 14. Reasoning Question Generation Prompt.
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Absolute Distance

Question: Measuring from the closest points of each object, what is the distance 
between the flattened folded carton and the the vertical white exhaust duct in 
meters?



Ground Truth: 1.5376989115141717



Answers:   

        gemini_video_zero_shot_cot: 1.78

        geo_thinker_finetuned: "1.840408110141754"

        cov: "0.035" 

        geo_thinker: "2.2"

        think_3d: "3"

        qwen_image: "3.4"

        gemini_video_basic: 2.5

        gemini_images_subregion_basic: 0.61

        qwen_video_basic: "1.7" 


Absolute Distance

Question: Measuring from the closest points of each object, what is the distance 
between the button-tufted square stool and the white glossy ceramic toilet in 
meters?



Ground Truth: 5.2228347544692095



Answers:    

        gemini_video_zero_shot_cot: 6.58

        geo_thinker_finetuned: "6.840000000000001"

        cov: "4.1"

        geo_thinker: "6.7"

        think_3d: "4.5"

        qwen_image: "4.7"

        gemini_video_basic: 7.19

        gemini_images_subregion_basic: 8.47

        qwen_video_basic: "6.7"


Figure 15. Absolute Distance Question.

Relative Distance 

Question: Which of these objects among 

     (A)light matte vase, 

     (B)matte white Venetian blinds above bed, 

     (C)white glossy ceramic toilet, 

     (D)smooth brown blanket) 

     is closest to the transparent Toilet paper holder?



Ground Truth: C



Answer:

          gemini_video_zero_shot_cot: "A"

        geo_thinker_finetuned: "C"

        cov: "C"

        geo_thinker: "C"

        think_3d: "C"

        qwen_image: "C"

        gemini_video_basic: "C"

        gemini_images_subregion_basic: "C"

        qwen_video_basic: "C"

Relative Distance 

Question: Which of these objects among 

    (A)white and black kettle, 

    (B)the middle clear plastic trash can, 

    (C)the white molded seat high stool with light wooden legs and a metal footrest 

         on the window side of the table, second from the far end, 

    (D)upper kitchen cabinet 

    is closest to the dark wooden shelf?



Ground Truth: D



Answer:

        gemini_video_zero_shot_cot: "D"

        geo_thinker_finetuned: "D"

        cov: "A"

        geo_thinker: "A"

        think_3d: "A"

        qwen_image: "A"

        gemini_video_basic: "A" 

        gemini_images_subregion_basic: "D"

        qwen_video_basic: "A"

Figure 16. Relative Distance Question.
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Relative Direction 

Question: Standing next to the the light wood counter with a black speaker and  .  
looking at the matte white projector screen, is the matte black projector to your       

      A)front-left, 

      B)front-right, 

      C)back-left, or 

      D)back-right?



Ground Truth: A



Answer:

        gemini_video_zero_shot_cot: "D"

        geo_thinker_finetuned: "A"

        cov: "C"

        geo_thinker: "A"

        think_3d: "A"

        qwen_image: "A"

        gemini_video_basic: "B"

        qwen_video_basic: "B"

Relative Direction 

Question: Standing next to the brushed stainless steel refrigerator and looking at 
the silver and black metal knife, is the arched panel cabinet to your 

     A)front-left, 

     B)front-right, 

     C)back-left, or 

     D)back-right?



Ground Truth: A



Answer:

        gemini_video_zero_shot_cot: "A"

        geo_thinker_finetuned: "A"

        cov: "A"

        geo_thinker: "B"

        think_3d: "A"

        qwen_image: "B"

        gemini_video_basic: "A"

        gemini_images_subregion_basic: "A"

        qwen_video_basic: "B"

Figure 17. Relative Direction Question.

Object Size 

Question: What is the length of the longest dimension (length, width, or height) of 
the light-colored wooden doorframe in centimeters?



Ground Truth: 238.28134536743164



Answers: 

        gemini_video_zero_shot_cot: 210.0

        geo_thinker_finetuned: "200.00000000000003"

        cov: "210"

        geo_thinker: "201"

        think_3d: "200"

        qwen_image: "210"

        gemini_video_basic: 205.0

        gemini_images_subregion_basic: 210.0

        qwen_video_basic: "210"

Object Size 

Question: What is the length of the longest dimension (length, width, or height) of 
the black headphones with a yellow ring in centimeters?



Ground Truth: 22.631691565082246



Answers:

        gemini_video_zero_shot_cot: 19.0        

        geo_thinker_finetuned: "20.94452381134033"        

        cov: "22"        

        geo_thinker: "21"        

        think_3d: "0"        

        qwen_image: "22"

        gemini_video_basic: 20.0

        gemini_images_subregion_basic: 20.0

        qwen_video_basic: "22"

Figure 18. Object Size Question.
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Object Count 

Question: How many white duplex power socket is/are there in the scene?



Ground Truth: 2



Answer:

        gemini_video_zero_shot_cot: 2.0

        geo_thinker_finetuned: "1"

        cov: "2"

        geo_thinker: "4"

        think_3d: "1"

        qwen_image: "2"

        gemini_video_basic: 1.0

        gemini_images_subregion_basic: 3.0

        qwen_video_basic: "2"

Object Count 

Question: How many matte black projector is/are there in the scene?



Ground Truth: 1



Answer: 

        gemini_video_zero_shot_cot: 1.0

        geo_thinker_finetuned: "1"

        cov: "1"

        geo_thinker: "4"

        think_3d: "0"

        qwen_image: "1"

        gemini_video_basic: 1.0

        gemini_images_subregion_basic: 1.0

        qwen_video_basic: "1"

Figure 19. Object Count Question.

Existence Positive

Question: Is there a blackboard with a dark green writing surface in the scene?



Ground Truth: Yes



Answers:

          gemini_video_zero_shot_cot: "yes"

        geo_thinker_finetuned: "Yes"

        cov: "No"

        geo_thinker: "Yes"

        think_3d: "Yes"

        qwen_image: "Yes"

        gemini_images_subregion_basic: "yes"

        qwen_video_basic: "Yes"

Existence Negative

Question: Is there a fleece blanket in the scene?



Ground Truth: No



Answers:

        gemini_video_zero_shot_cot: "no"

        geo_thinker_finetuned: "No"

        cov: "No"

        geo_thinker: "No"

        think_3d: "No"

        qwen_image: "No"

        gemini_video_basic: "no"

        gemini_images_subregion_basic: "no"

        qwen_video_basic: "No"

Figure 20. Existence Question.
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Figure 21. Reasoning Questions.
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Figure 22. Reasoning Questions.
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Figure 23. Human Evaluation Interface Overview. The initial setup requires users to create a profile or login to track progress. The interface
features a scene selection drop-down and navigation controls to iterate through sampled QA pairs, displaying the question, ground truth
answer, and a 1–5 rating scale in the sidebar.

Figure 24. Visualizing Existence and Relative Direction. For existence queries, the system highlights the target object in green; if the
object is absent, it highlights other instances of the same class in yellow for context. Relative direction tasks use a color-coded scheme to
distinguish between the origin (blue), target (cyan), and selected (green) objects.

Figure 25. Visualizing Counting Tasks. The interface differentiates object instances based on query attributes. Instances that satisfy the
specific requirements mentioned in the question are highlighted with green bounding boxes, while other instances of the same class that do
not meet the criteria are highlighted in yellow.
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Figure 26. Visualizing Size and Absolute Distance Tasks. All objects referred to in the question are highlighted with green bounding boxes
so the annotator can verify the measured dimension or inter-object distance.

Figure 27. Visualizing Reasoning Tasks. For complex reasoning queries, the interface provides no automated object highlighting. Instead,
it displays the multi-step reasoning process in the sidebar and encourages users to explore the 3D scene freely to verify the logic.
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