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Abstract

Physical environments and circumstances are fundamentally dynamic, yet current
3D datasets and evaluation benchmarks tend to concentrate on either dynamic
scenarios or dynamic situations in isolation, resulting in incomplete comprehen-
sion. To overcome these constraints, we introduce Situat3DChange, an extensive
dataset supporting three situation-aware change understanding tasks following the
perception-action model: 121 K question-answer pairs, 36/ change descriptions
for perception tasks, and 17K rearrangement instructions for the action task. To
construct this large-scale dataset, Situat3DChange leverages 11 K human obser-
vations of environmental changes to establish shared mental models and shared
situational awareness for human-Al collaboration. These observations, enriched
with egocentric and allocentric perspectives as well as categorical and coordi-
nate spatial relations, are integrated using an LLM to support understanding of
situated changes. To address the challenge of comparing pairs of point clouds
from the same scene with minor changes, we propose SCReasoner, an efficient
3D MLLM approach that enables effective point cloud comparison with mini-
mal parameter overhead and no additional tokens required for the language de-
coder. Comprehensive evaluation on Situat3DChange tasks highlights both the
progress and limitations of MLLMs in dynamic scene and situation understand-
ing. Additional experiments on data scaling and cross-domain transfer demon-
strate the task-agnostic effectiveness of using Situat3DChange as a training dataset
for MLLMs. The established dataset and source code are publicly available at:
https://github.com/RuipinglL/Situat3DChange.

1 Introduction

“No man ever steps in the same river twice, for it is not the same river and he is not the same man.”

— Heraclitus of Ephesus

The physical world continuously evolves through both object transformations and shifting situa-
tional contexts, creating a dynamic interplay between environmental and human-centered changes.
While private spaces are generally maintained in an orderly configuration, even minor positional
shifts can transform familiar pathways into obstacles for visually impaired individuals [1, 2], with
the restoration of previous arrangements [3, 4, 5, 6, 7] representing a key challenge for embodied
agents. To facilitate effective human-Al collaboration in dynamic environments, it is essential for
both humans and agents to develop shared mental maps and shared situational awareness [8] that
enable them to jointly interpret and respond to evolving scenes.
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Situation Egocentric View QA Change Description

Q: Please explain what changes have been applied to the

tall plant on the windowsill.

A:The plant was previously at your 8 o'clock, 1.4 meters

A:0.3m away at the far left on the windowsill. It was moved 0.4
meters slightly to the right and is now at your 9 o'clock,
1.4 meters away.

Sitting on sofa,
reaching for the
wooden table in |
front.
-

Figure 1: Perception for comprehensive understanding of the dynamic scene with situational aware-
ness, including concise QA and change description.

Q: How far was the table
in front of me moved?

Q: Please provide the stepsto  Step 1: Step 2: Move two and a half Step 3: Step 4: Turn more towards
reverse the changes to the steps forward to reach the your front right and move it
beanbag that was farthest Stand up from the sofa. beanbag, bypassing the table  Pick up the beanbag. across the aisle back to
from the windowsill. one step away. beside the commode.

Figure 2: Action for rearrangement instructions to revert changes from the current situation.

Despite the dynamic nature of both situations and scenarios in the physical world, current research
approaches address these aspects in isolation rather than holistically. Existing real-world 3D situ-
ated reasoning datasets, whether human-annotated [9] or LLM-generated [10, 11], typically rely on
static scenarios that fail to capture environmental dynamics. Conversely, 3D change understanding
datasets [12, 13, 14, 15, 16] often utilize synthetic data lacking situational context, missing the sub-
tle, everyday changes characteristic of real environments. Although 3RScan [17] offers a real-world
dataset for change detection, a comprehensive framework that integrates both situational awareness
and physical transformations remains underexplored.

To explore 3D scene understanding with both dynamic scenes and situations simultaneously, we
introduce Situat3DChange, a situated 3D change dataset comprising 903 real-world scan pairs
yielding 174K paired data instances. This dataset frames environmental understanding through the
perception-action model [18], which integrates question-answering (QA) and change description
tasks (i.e., perception, as in Fig. 1) with rearrangement instruction task (i.e., action, as in Fig. 2),
creating a foundation for Al systems that can both interpret and manipulate their surroundings with
human-like awareness and adaptability. QA responses are intentionally brief and concise, whereas
change descriptions and rearrangement instructions are long-form.

The development of our large-scale dataset raises fundamental questions about the cognitive align-
ment between Al and human perception. While the proliferation of LLM-generated training data
based on bounding box centers [19, 20] and scene graphs [21, 22, 10, 23] has enabled seamless scal-
ing while maintaining similarity to human natural language, this raises concerns: (Q1) Do current
LLM-based data generation methods produce content that reflects embodied shared mental models
and situational awareness comparable to human cognition, or do they merely mimic linguistic pat-
terns? For situated 3D change understanding, (Q2) can LLM effectively define and reference points
of interest to anchor detected changes in ways that align with human perception? For the first ques-
tion, as shown in Fig. 3, across industry and engineering domains, the world is typically perceived
in a Cartesian coordinate frame, generating bounding boxes and scene graphs. We interviewed 30
diverse individuals, including two blind individuals and native speakers of four languages, revealing
perceptual discrepancies in relative spatial direction interpretation. Most perceive surroundings in a



cylindrical coordinate manner: when referencing left or right, a view direction is specified relative
to a reference object [24], and the object closer to the observer is considered in front. This prevents
agents and humans from sharing a mental map. Addressing our second question on LLM-generated
data’s ability to reference spatial changes, evidence shows a clear limitation. As demonstrated by
3DSSG [25], scene graphs lack perceptual sensitivity to detect critical 3D changes like object rota-
tions or subtle positional shifts of approximately 10 cm. LLM-generated data, dependent on scene
graph representations, fails to capture spatial changes that humans immediately deem significant.
To create our situation-aware change sehind _
. enn/__@\ The keyboard is in

understanding dataset, we collected
11K human annotations from seven S
co-authors experienced in assisting !
visually impaired people.  These
annotators interpreted the labeled G
change of 3RScan in terms of reason, behind
warning, description, and rearrange- of the banana
ment instruction, and identified dis-
tinctive features for querying objects.
We then enhanced this foundation by

integrating egocentric and allocentric  Fjgyre 3: Different senses of relative spatial directions be-

spaFial infor.mation alongside .object tween robots and humans result in different mental maps.
attributes using an LLM, enabling ef-

ficient scaling to fully situated data while preserving the human perceptual framework.

(a) Robotic cognition. (b) Human cognition.

As no existing 3D MLLMs process paired point clouds effectively, we introduce SCReasoner, a
novel paradigm for situated 3D change understanding. Previous approaches [21, 10, 26] prepend
all modality tokens to the language decoder input, which is inefficient for our case of highly similar
point clouds, causing redundancy and failing to highlight changes. SCReasoner takes advantage
of Mamba’s selective nature [27] and parameter-less star operations [28] to focus on differences
between point clouds with minimal parameter overhead. Experiments evaluating MLLMs on Sit-
uat3DChange tasks show that training with our dataset improves understanding of spatial change
and transfers positively to other domains, confirming its value for developing perceptually aligned
embodied agents and demonstrating beneficial scaling effects with increased data volume.

* We introduce Situat3DChange, a situated 3D change dataset with 121 K QA pairs, 36 K change
descriptions, and 17K rearrangement instructions built on 11K human annotations for dynamic
scenario understanding with situation awareness.

* To adapt to the Situat3DChange tasks, we introduce SCReasoner, a token-efficient MLLM archi-
tecture that compares scene pairs effectively.

* We conduct an extensive analysis of state-of-the-art MLLMs on each task, highlighting both the
limitations and strengths of MLLMs on the Situat3DChange task. We further analyze the scaling
effects of Situat3DChange and cross-domain transferability.

2 Related Work

Situated scene understanding. Beyond allocentric scene understanding [24, 29, 30, 31], struc-
tured egocentric scene understanding has been explored. Egocentric Scene Graphs [32, 33, 34, 35]
capture interactions and spatial relations from a first-person view. Ego4D [36] supports under-
standing of daily activities from egocentric videos, yet lacking full 3D reconstruction. Besides, 3D
Scene Graph [37] provides hierarchical representations of indoor environments with known camera
poses. LSceneLLLM [38] enables cross-room spatial reasoning. For situated reasoning and QA, most
prior work focused on simulated environments [39, 40, 41, 42]. SQA3D [9] combines 3D scenes
with crowdsourced QA, while MSQA [10] and Spartun3D [11] scale this using LLM-generated
questions. SceneVerse [22] and 3DLLM [19] support embodied reasoning in real-world contexts.
Embodied agents [21, 43] are trained with shared situational awareness. For robotic applications,
RoboSpatial [44] is a dataset that focuses on spatial context, object compatibility, and configuration.
Phys100K [45] is a large-scale multi-robot QA dataset. Thinking in Space [46] introduces a dataset
designed to facilitate spatial understanding based on short egocentric videos. 3D-GRAND [47] is
a large-scale, densely grounded 3D dataset aimed at mitigating hallucinations. M3DBench [48]



Table 1. Comparison of 2D/3D scene understanding datasets. Allo.: allocentric; Ego.: egocentric.

Dataset Change | Perspective | Data Type | Scenes Annotation #type.?é#pairs Ee descr{;;:il:)%-f;?egg::;emen i
Dy2Change [15] v allo. 3D sim 38K pairs Template - - 661K -
EmbSCU [61] v allo. 2D sim | 20.5K pairs Template - - 21K 21K
PanoSCU [65] v allo. 2D sim | 2650 pairs Template - - 9K 9K
ReferIt3D [24] X allo. 3D scan | 707 scenes Human - - 41.5K -
ScanRefer [29] X allo. 3D scan | 800 scenes Human - - 51.6K
3D-GRAND [47] X allo. 3Dsim | 40K scans Template+GPT 6 5.5M 118K
MMScan [49] X allo. 3D scan | 5.2K scans | Template+GPT+Human 5 1.76M 4.06M
OpenEQA [71] X ego. 3D scan 180 scans Human 7 1.6K -
SQA3D [9] X ego. 3D scan | 650 scans Human 6 334K
MSQA [10] X ego. 3D scan 1734 scan GPT 9 251K
VSI-Bench [46] X ego.+allo. | 2D video | 288 videos Human 8 5K
RoboSpatial [44] X ego.+allo. | 3Dscan | 5223 scans Template 3 3M - -
Situat3DChange (Ours) v ego.+allo. | 3Dscan | 903 pairs Human+GPT 9 121K 36K 17K

and MMScan [49] address situated scene understanding from global to local perspectives, but are
limited in terms of embodied agent viewpoints and static scenarios. SpatialLLM [50] not only ad-
dresses spatial reasoning from a human perspective but also models object orientation relationships.
In accessibility, VizWiz [51, 52, 53] focuses on images taken by blind users, while GuideDog [54]
provides outdoor egocentric data for navigation. SANPO [55] adds multiview and multi-sensor
scene understanding. Yet, existing datasets are limited to static scenes. In contrast to previous situ-
ational scene understanding datasets, we introduce Situat3DChange for 3D scene understanding of
dynamic scenarios and situations.

Spatial change understanding. Most research on change understanding focuses on 2D im-
ages [56, 57, 58]. Factors affecting change blindness have been studied by Martin et al. [59] and
Ma et al. [60]. Some methods assume fixed viewpoints [61, 13, 62], whereas inpainting techniques
simulate visual changes [63, 64]. Besides, PanoSCU [65] uses synthetic panoramas for change
captioning. STVchrono [66] explores continuous temporal change recognition. In 3D environ-
ments, Dy2Change [15] and ChangeSim [16] emulate human-like dynamic scanning, but neither
performs situation-aware comparisons. Beyond textual descriptions, 3RScan [17] provides real-
world data for object relocalization, and 3DSSG [25] augments it with scene-graph annotations of
object attributes. For street-scene point clouds, efforts include camera relocalization [67] and change
localization [68]. To detect multiple simultaneous changes, graph-based [69, 70] and transformer-
based [13] approaches have been explored, yet they remain largely task-specific and confined to
synthetic environments. In contrast, we introduce a general-purpose 3D MLLM paradigm capa-
ble of robustly understanding multiple changes in complex, real-world scenes. We compare Sit-
uat3DChange with embodied scene and change understanding datasets in Tab. 1.

3 Situat3DChange Dataset

In Sec. 3.1, we state the details of data generation, including: situation sampling, long-form text
generation, query generation, QA generation, and data quality control. In Sec. 3.2, we show the
statistics of the dataset and the metrics of our benchmark.

3.1 Data Generation

Situation sampling. We follow MSQA [10] to sample the position and orientation in three cate-
gories: sitting, standing, and interacting with objects. To enhance the variety of the sit-
uations, each situation refers to a unique instance object in the scene to construct a concise instance-
aware situation description, e.g., sitting on sofa_22. Besides the situation description [9, 10], we also
consider the approximate eye height (157410 cm for standing and 76.5+5cm fir sitting) [72] and
the tilt of the head (30 degrees) [73] to capture the egocentric view and the panorama to facilitate
the understanding of the situation. The concise situation will then be expanded with comprehensive
spatial information to the descriptive situation with at least two reference objects, e.g., sitting on
sofa, reaching for the wooden table in front., as shown in Fig. 1.

Long-form text generation. Regarding how information should be delivered [1, 74, 75, 76], a
combination of egocentric and allocentric perspectives, along with categorical and coordinate in-
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Figure 4: Allocentric and egocentric information used for generating situated QA pairs, change
descriptions, and rearrangement instructions.
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! . Sota unique! chair_1:{nearest: [sofa, table, cup]} ~ Cchair_1:{nearest: [sofa, table;cup]}
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E> P ':> chair_3: {} 2 E> chair_3: {others: between the blue
table chair_4: {farthest: [sofa, table, cup]} ~ and orange chair}
2 3 4 P) 3 4 chair_4: {farthest: [sofa, table;eup]}
Global Scene Object Uniqueness Unique Attributes and @ Manual Filtering
Assessment Relationship with Unique Objects and Label Completion

Figure 5: Distinctive features used to refer to objects for generating queries about change descrip-
tions and rearrangement instructions. A, (), [, and [_] refer to chairs, table, cup, and sofa.

formation, supports the human perception-action loop in 3D environments. To facilitate human-Al
collaboration, the human sense of mental mapping and change reference should be introduced.

Seven co-authors, all with experience collaborating with blind users, annotated every object that
was labeled as a change in 3RScan [17]. For each object they supplied four fields: (i) a plausible
Reason for the change, (i) Warning information when the change could create an obstacle along a
typical path, (iii) a detailed change Description that captures the object’s rotational and translational
displacement relative to neighbouring items, and (iv) Rearrangement instructions explaining how
to restore the object to its original pose. While these annotations provide allocentric horizontal cues,
cylindrical-coordinate data are still required to reflect humans’ viewpoint, i.e., egocentric horizon-
tal and allocentric vertical information. Building on 3DSSG [25], we extract vertical relationships
and object attributes, compute the previous and current egocentric positions of moved objects and
any obstacles they create, and finally determine the direction and straight-line distance a user must
travel from their current orientation to reach the displaced object and then return it to its original
location, as shown in Fig. 4. The raw data are organized into a JSON file that serves as input to
GPT-4 [77], a model shown to produce highly human-like text [78], for generating situated change
descriptions and rearrangement instructions. For change descriptions, we follow a clockwise order-
ing and express distances in meters, as in [79]. For rearrangement instructions, exploration during
navigation is preferred over step-by-step guidance [80], while using steps as a unit is generally easier
to understand than meters [81].

Query generation for long-form text. Prior works [13, 14, 61] in change captioning rely on simu-
lators, where data quality is tightly controlled and every change is deterministically specified. Work
that does address multiple changes [13] concatenates all descriptions into one sentence sequence.
That strategy is unsuitable for our real-world dataset, where the data are noisier and many subtle
changes remain unlabeled. Inspired by the object identification task [29, 24], we propose a pipeline
that generates queries uniquely identifying each object through its distinctive features, as in Fig. 5.

First, any object that is already unique in the scene is promoted to a landmark because it can be
referenced directly, as in queries like “What change happened to the table?” for change description
for table_5. Next, we extract three candidate distinctive features for every remaining object automat-
ically: (i) its distinctive color, (ii) its horizontal extremity, whether it is nearest to or farthest from a
landmark, and (iii) its vertical spatial relation to the landmarks, e.g. “What alterations occurred to
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Figure 6: Statistics of the Situat3DChange dataset: (a) distribution of QA types, (b) word clouds
for change descriptions and rearrangement instructions, and (c) data-split sizes with word-length
distributions for each task. The numbers in parentheses indicate standard deviations.

the chair nearest to the table?” for chair_I. Finally, the co-authors review these features, discard-
ing ones that depend on landmarks unlikely to be recognized (e.g., a cup) and manually adding an
extra feature whenever an object still lacks a uniquely identifiable feature, “What change has been
made to the chair between the blue and the orange chair?” for chair_3. Each long-form query for a
changed object centers on a single identifiable feature from the current or prior scene.

QA generation. Our dataset introduces nine specialized QA types for 3D situated change under-
standing. For egocentric understanding, Egocentric Distance (Pre/Post) and Egocentric Direction
(Pre/Post) questions focus on the object’s previous and current locations relative to the person’s
position and orientation, while Warning questions detect when a moved object becomes a potential
obstacle from the person’s perspective. For allocentric understanding, Allocentric Displacement
captures how far an object has moved, and Allocentric Relationship assesses how its spatial re-
lationship with other objects has changed. To support general scene understanding, we include
Affordance, Attribute, Existence, and Counting questions, which cover functional, descriptive,
and numerical aspects of the scene before and after the change.

We use nearly the same raw data as in the long-form text-generation setting, but we exclude the
human annotations. The Object-centric Chain-of-Thought (O-CoT) [21] is employed to generate
the dataset, conditioned on the target object’s label and index per QA instance.

Data quality control. Long-form texts originate from human annotations provided by seven co-
authors experienced in working with blind individuals. While these annotations do not require sepa-
rate human verification, they are automatically expanded to include egocentric distances, directions,
and object attributes. QA pairs are generated directly from the raw ground-truth labels and indexed
using O-CoT. Since each sentence is tagged with the object index and QA type, we can automati-
cally verify its correctness by cross-referencing it with the original data for dataset generation, while
excluding incorrect and indeterminate answers.

3.2 Data Statistics and Metrics

Data statistics. Since 3RScan [17] lacks publicly available test-set labels and is widely adopted as
a benchmark for MLLM training [21, 11, 29], where its validation set is used for model selection, we
do not further divide the validation set into validation and test splits, unlike SQA3D [9]. Because our
task is specific and meant for the MLLM fine-tuning stage, we keep the original training/validation
split and use it as a hold-out evaluation setup for MLLMSs. Fig. 6 (a) shows a balanced distribution
of question—answer types: 35.2% are egocentric spatial questions (Distance, Direction, Warning),
22.6% are allocentric spatial (Relationship, Displacement), and 42.2% concern general visual infor-
mation (Affordance, Attribute, Existence, Counting). Fig. 6 (b) visualizes a word cloud of change
descriptions and rearrangement instructions. Fig. 6 (c) reports the number of training and validation
examples for each task, together with the average word length of queries and answers. Additional
scene- and situation-level statistics are provided in the App. B.



Metrics. To evaluate MLLM-predicted long-form change descriptions and rearrangement instruc-
tions, we use reference-based metrics, CIDEr, METEOR, ROUGE, and BLEU-4 as well as sentence
similarity scores computed using a BERT-based model [82] and GPT-based evaluation metrics [71].

The ground truth answers for QA types other than distance and displacement are brief, but the LLM-
generated responses are usually more descriptive. Following MSQA [10], we adopt a GPT-based
evaluation metric with fine-grained prompts to assess LLM-generated responses uniformly:

1o —1
C=— : x 100 1
3o 0
i=1

where C' denotes the correctness score over [N samples, and s; (ranging from 1 to 5, with higher
scores indicating better quality) is the rating generated by GPT when given the question, ground-
truth answer, and model response. The GPT model used for evaluation is fixed to a specific times-
tamp to ensure consistency across all scores. The strong correlation between human and GPT scor-
ing is confirmed in App. D.2.

For accurate distance evaluation, we adopt a different metric. In egocentric distance QA, we mea-
sure the horizontal displacement from the subject’s standing point to the object, rather than the
eye-to-object distance, which introduces errors due to variations in human height. For allocentric
displacement, which also accounts for any movement of the subject, a stationary object results in
dg = 0. In such cases, even a small prediction error (e.g., dpreqg = 0.1 m) causes the conventional

dprea—, . L s
lpegig“ to diverge due to division by zero. These infinite errors
ot

are often triggered by minor inaccuracies in bounding box annotations or subject position. Other
standard depth scores share the same limitation for our scenario, so we propose a revised REL:

depth-estimation metric REL =

17 lf dg[ = O and dpred = 07
score = 07 if dgl =0 and dpred 7é 0, (2)
dpred — dg
1 — min (17 “’m‘iié‘) , if dg # 0 and dpreq # 0.
gt

The score range matches the GPT-score (higher is better), and echoes binocular disparity, which
tolerates greater error at longer distances. dg; and dj,.q denote the ground truth and the predicted
distance of egocentric distance and allocentric displacement.

4 MLLMs for Situated 3D Change Understanding

3D MLLM: SCReasoner. As there is currently no existing 3D MLLM that takes two point clouds
as input, we propose a new approach tailored to the Situat3DChange task where the two point clouds
are similar with only minor changes. Previous methods [10, 21] typically prepend all modality to-
kens together at the input of the language decoder, which is redundant in this case: similar tokens
from both point clouds overwhelm the meaningful differences, and the human question is not al-
ways related to the previous scene. To address this, we introduce SCReasoner, a new paradigm in
which both point clouds share a common encoder to embed them into tokens. The informative to-
kens from the previous scene are selected and fused with tokens from the current scene. For token
selection, we explore the selective nature of Mamba [27], while for token fusion, we consider the
star operation (element-wise multiplication) [28], which has been shown to effectively map inputs
into high-dimensional representations. Our architecture is built on top of the flexible and widely
adopted LEO framework [21]. Despite taking two point clouds as input, our design introduces only
a small number of additional parameters for token selection. The other input modalities remain the
same as in the situated task setup of LEO.

For comparison, we re-implemented LEO by prepending tokens from the two point clouds at the
input, consistent with how tokens from other modalities are handled. SCReasoner instead introduces
a selective comparison projector before the decoder to enhance token efficiency, consisting of a
projection module for focusing on scene changes and a fusion module for removing redundancy.
We tested a linear layer and Mamba for projection, and element-wise addition (+) or multiplication
(*) for parameter-free fusion.



Table 2. Results on the long-form text tasks, including change description and rearrangement in-
struction. “mamba” denotes using the Mamba module to select features from the previous scene,
while “linear” refers to a single linear layer for dimensionality projection. “+” and “*” indicate
the parameter-free fusion operations, namely element-wise addition and star operation, respectively.

Method Setting Change Description Rearrangement Instruction
CIDEr BLUE-4 METEOR ROUGE sim GPT | CIDEr BLUE-4 METEOR ROUGE sim GPT
DeepSeek-VL-7B [86] zero-shot 0.4 0.6 10.1 11.2 503 23 0.0 0.4 11.0 7.9 518 0.0
DeepSeek-VL2-1.3B [87] | zero-shot 6.6 1.3 7.3 14.0 531 23 2.1 0.7 10.9 122 530 03
Janus-7B [88] zero-shot 6.0 0.1 9.4 159 493 1.7 0.4 1.3 16.0 14.2 557 02
Qwen2.5-VL-7B [89] zero-shot 1.4 1.1 11.4 13.5 529 55 6.7 1.3 11.0 15.0 56.6 04
LLava-NEXT-7B [90] zero-shot 0.1 0.6 10.5 11.0 499 26 0.0 0.4 10.8 74 533 0.0
InternVL2-7B [84] zero-shot 0.2 0.2 7.7 6.5 46.1 09 0.2 0.2 7.7 6.5 46.1 0.0
DeepSeek-VL-7B [86] one-shot 14.0 39 13.3 24.6 662 28 72 7.4 23.1 28.5 683 34
DeepSeek-VL2-1.3B [87] | one-shot 7.4 1.8 8.3 153 567 25 2.1 1.2 13.2 13.8 560 0.7
Janus-7B [88] one-shot 14.4 4.2 14.7 234 652 27 12.9 10.3 26.7 327 732 47
Qwen2.5-VL-7B [89] one-shot 1.4 3.7 11.8 23.1 623 27 20.4 4.7 19.1 24.1 70.0 49
LLava-NEXT-7B [90] one-shot 10.4 3.6 19.2 23.5 650 34 0.0 14 16.7 119 618 04
InternVL2-7B [84] one-shot 5.6 1.5 13.4 17.3 59.0 38 5.6 1.5 13.4 17.3 59.0 3.7
InternVL2-7B [84] fine-tuning | 36.5 11.7 24.1 36.2 735 82 56.1 17.5 26.4 40.0 795 163
LEO [21] fine-tuning | 45.9 14.0 26.3 42.1 746 127 | 73.0 19.0 27.0 41.1 81.7 30.1
SCReasoner (linear+) fine-tuning 51.2 14.6 26.9 425 758 12.6 72.4 18.6 27.1 41.2 819 303
SCReasoner (linear*) fine-tuning | 50.1 144 26.8 424 756 134 | 729 185 27.2 414 82.0 303
SCReasoner (mamba+) fine-tuning 529 15.0 27.2 429 760 133 71.7 18.1 26.9 40.7 81.7 30.5
SCReasoner (mamba*) fine-tuning | 53.6 15.2 272 43.0 761 139 | 729 18.3 27.2 40.9 81.9 307

2D MLLMs baselines. We evaluate state-of-the-art open-source models on MMMU [83] using
both zero-shot and one-shot settings, and fine-tune the best-performing model among them on
MMMU, InternVL2 [84], on our dataset. Except for DeepSeek-VL2, which uses a large Mixture-
of-Experts (MoE) architecture, we select the 7B versions of all models, consistent with LEO. Since
our scenes are small, we use panoramas, which can reconstruct the surrounding 3D scene and rep-
resent the egocentric view [85], as input to 2D MLLMs. One panorama is captured from a random
point in the previous scene (the origin of the world coordinate), and the other from the position and
orientation of the current situation. The panoramas are generated using the method of [85], rendered
from a six-view skybox.

Since the performances of MLLMs depend not only on their architecture but also on the training
data, we conduct a second-stage fine-tuning on their existing weights for 5 epochs using a combined
set of all three tasks, and hold-out validation. Further details are in the App. C.

S Experiments

Results on long-form tasks. As presented in Tab. 2, the long-form tasks remain challenging for
zero- and one-shot MLLMs. With the inclusion of a single example, model performance improves
but remains suboptimal. Among these models, Qwen2.5 achieves the best results. After fine-tuning,
InternVL shows a significant improvement in overall scores, highlighting the importance of mod-
eling scene changes during the fine-tuning of MLLMs for scene understanding. 3D MLLMs out-
perform their 2D counterparts. Our SCReasoner outperforms InternVL2 with gains of 5.7% and
15.4% on change description and rearrangement instruction tasks, respectively, based on GPT-based
evaluation. Compared to the baseline LEO, SCReasoner achieves 1.2% and 0.6% improvements on
the same tasks. Both the use of Mamba for token selection and the star operation for token fusion
contribute to improved scene change understanding, highlighting the effectiveness of focusing on
informative tokens for point cloud comparison.

Results on concise QA task. Tab. 3 shows QA results on the Situat3DChange (S3C) dataset.
Among one-shot 2D MLLMs, DeepSeek-VL performs best, followed by LLaVA-Next. Comparing
fine-tuned 3D and 2D MLLMs, InternVL-2 slightly outperforms SCReasoner by +0.2% on average.
However, 3D MLLMs are better at allocentric understanding, while the 2D MLLM excels in egocen-
tric tasks such as Distance and Direction. This suggests that S3C fine-tuning effectively calibrates
2D MLLM for panoramic image understanding. The use of point clouds enables more holistic scene
perception. This also explains why InternVL performs poorly on long-form answers, as panoramas
lack a comprehensive allocentric context.

Scaling effect. We explore the scaling effects of SCReasoner on each task of S3C using different
training data scales, evaluated on the full validation set. Following the methodology of MSQA [10],
we investigate three key factors influencing scaling: (1) Sample: randomly downsampling query-
answer pairs across all tasks; (2) Situation: randomly downsampling situations, which removes



Table 3. Results on QA task. “pano” and “pcd” denote panoramas and point clouds.

Models Input Setting Affordance Attribute Existance Counting Warning Allo. Rel. Allo. Dis. Ego. Dir. Ego. Dis.  Average
DeepSeek-VL-7B [86] pano  one-shot 36.0 474 60.8 355 15.9 27.1 412 29.8 37.3 36.8
DeepSeek-VL2-1.3B [87] | pano one-shot 11.9 45.8 18.2 30.7 19.3 26.2 20.7 21.2 429 26.3
Qwen2.5-VL [89] pano one-shot 36.2 573 214 24.8 19.5 48.7 33.6 29.0 46.9 353
LLaVA-OV-7B [91] pano one-shot 46.3 49.0 473 22.6 19.1 38.2 16.2 21.4 20.6 31.2
LLaVA-NEXT-7B [90] pano one-shot 2.7 49.3 61.2 33.1 26.5 274 412 26.0 20.5 36.4
InternVL2-7B [84] pano one-shot 58.5 41.4 58.3 273 154 31.7 28.5 23.7 36.8 357
InternVL2-7B [84] pano  fine-tuning 64.3 60.6 69.7 375 42.0 58.0 40.9 56.1 57.3 54.0
LEO [21] ped fine-tuning 70.0 57.1 729 40.6 46.1 50.2 40.5 38.7 51.1 51.9
SCReasoner(linear*) ped fine-tuning 70.3 56.0 724 41.0 46.2 61.7 41.9 40.2 50.7 534
SCReasoner(mamba*) ped fine-tuning 68.9 60.0 71.4 40.8 44.0 63.5 43.5 433 514 53.8
54.0 Scaling Effect on S3C QA Scaling Effect on S3C Description Scaling Effect on S3C Rearrangement
. 14 30.75
53.5{ Situation —e— Situation
: Scan Pair 13 Scan Pair 30.50
53.01 Sample —*— Sample 30.25
©52.5 I 14
S Q12 © 30.00
© 52.0 5] o
7] p #29.75
= 51.5 = [
Ry a1l By
O 51.0 [©] O 29.50 : :
—e— Situation
50.5 10 29.25 Scan Pair
50.0 29.00 —— Sample
9
1/8 1/4 172 full set 1/8 1/4 1/2 full set 1/8 1/4 172 full set
Proportion of Dataset Proportion of Dataset Proportion of Dataset

Figure 7: Effects of scaling training data on three tasks, based on the same full validation set.

all associated QA pairs; and (3) Scan Pair: randomly downsampling scan pairs, along with their
related QA pairs. As shown in Fig. 7, we observe a consistent trend of improvement when scaling
up along the three factors in the QA and change description tasks. The inconsistent scaling effect
observed in the rearrangement instruction task may be due to the use of coarse spatial references,
such as directions (left and right) and distances (steps), instead of the more precise annotations (e.g.,
clockwise direction and meters) used in the QA and change description tasks. These coarse spatial
concepts were already seen during the initial LEO training on the 3RScan benchmark. Moreover,
the relatively small amount of data for rearrangement instructions may cause results to be affected
by the stochasticity of data selection.

Cross-domain transfer. In Tab. 4, we evaluate models fine-tuned on different domains using
ScanNet-based benchmarks: Scan2Cap [30], ScanQA [31], and SQA3D [9], all of which were seen
during LEO’s instruction-tuning. Fine-tuning only on our S3C dataset leads to catastrophic for-
getting on these benchmarks. In contrast, fine-tuning on the combined ScanNet benchmarks (SN)
improves performance on Scan2Cap and SQA3D while maintaining accuracy on ScanQA. Adding
S3C to SN further improves results across all benchmarks, likely due to S3C’s human-authored
language, which enhances model generalization compared to LEO’s LLM-generated data.

In Tab. 5, we present the domain transfer results on Situat3DChange. The average score of SCRea-
soner trained on both SN and S3C is slightly lower (—1.3%) than SCReasoner trained solely on S3C.
One reason is the significantly dropped performance (—14.4%) on the egocentric direction task. We
attribute this to SN expressing egocentric direction with /eft and right instead of precise clockwise
terms, which may confuse both the model and the GPT-based evaluator. Training on both datasets
yields comparable or improved performance on QA and instruction tasks, and significantly boosts
change description by enhancing dynamic scene understanding.

Table 5. Cross-domain performance on the Situat3DChange (S3C) dataset. “Desc.” denotes change
descriptions, and “Rearr.” denotes rearrangement instructions.

2nd FT QA Desc. | Rearr.
Affordance Attribute Existance Counting Warning Allo. Rel. Allo. Dis. Ego. Dir. Ego. Dis. = Average o .

S3C 68.9 60.0 714 40.8 44.0 63.5 43.5 43.3 51.4 53.8 139 | 30.7
S3C+SN 69.4 56.5 73.3 42.6 46.7 61.6 43.0 28.9 50.2 52.5 16.8 | 30.1

6 Conclusion

In this work, we introduce Situat3DChange, a large-scale situated change understanding dataset
featuring three tasks: question answering (121K), change description (36/), and rearrangement
instruction (17K). To facilitate human-Al collaboration with shared mental maps, we incorpo-
rate 11K human-sensed changes, coupling allocentric and egocentric relationships with object at-
tributes to generate the dataset. To enhance understanding of dynamic scenes and situations, we
propose SCReasoner, a token-efficient MLLM paradigm. Our comprehensive experiments highlight



Table 4. Cross-domain effect on the union of ScanNet benchmarks (SN). Results in parentheses
follow the refined exact-match protocol from LEO [21].

Method ond FT Scan2Cap (val) ScanQA (val) SQA3D (test)
C B-4 M R Sim C B4 M R EM@1 EM@1
SCReasoner (LEO) - 724 382 279 581 553 1014 132 20.0 492 24.5(47.6) 50.0 (52.4)
SCReasoner S3C 145 148 200 50.1 407 542 1.5 94 285 154(31.4) 37.7 (40.6)
SCReasoner SN 822 441 307 656 644 103.1 152 20.1 485 23.4(46.7) 51.5 (54.2)
SCReasoner S3C+SN 834 446 31.0 658 649 1043 157 203 493 24.6(48.0) 51.8 (54.2)

the value of our Situat3DChange dataset and the effectiveness of SCReasoner. We hope this work
will advance human-Al collaboration in dynamic environments, enabling more adaptive interactions
across diverse and changing circumstances.

Limitations and future work. Despite the contributions, several limitations remain to be addressed
in future work. The human change annotations are still limited, with each change annotated by
only one annotator, which restricts diversity and limits the dataset’s extensibility. Furthermore, the
human-annotated data is not adapted to other domains, making the data generation pipeline difficult
to transfer to other datasets. As the 3RScan test data is unavailable, Situat3DChange supports only
hold-out evaluation for MLLM, limiting its use for task-specific VQA. This can be mitigated by
generating pseudo-semantic annotations for the test set.
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NeurlIPS Paper Checklist

1. Claims

Question: Do the main claims made in the abstract and introduction accurately reflect the
paper’s contributions and scope?

Answer: | Yes]
Guidelines:

* The answer NA means that the abstract and introduction do not include the claims
made in the paper.

* The abstract and/or introduction should clearly state the claims made, including the
contributions made in the paper and important assumptions and limitations. A No or
NA answer to this question will not be perceived well by the reviewers.

* The claims made should match theoretical and experimental results, and reflect how
much the results can be expected to generalize to other settings.

e It is fine to include aspirational goals as motivation as long as it is clear that these
goals are not attained by the paper.

2. Limitations
Question: Does the paper discuss the limitations of the work performed by the authors?
Answer: [Yes]
Justification: The limitation has been discussed in Sec. 6.
Guidelines:

* The answer NA means that the paper has no limitation while the answer No means
that the paper has limitations, but those are not discussed in the paper.

* The authors are encouraged to create a separate "Limitations” section in their paper.

The paper should point out any strong assumptions and how robust the results are to
violations of these assumptions (e.g., independence assumptions, noiseless settings,
model well-specification, asymptotic approximations only holding locally). The au-
thors should reflect on how these assumptions might be violated in practice and what
the implications would be.

* The authors should reflect on the scope of the claims made, e.g., if the approach was
only tested on a few datasets or with a few runs. In general, empirical results often
depend on implicit assumptions, which should be articulated.

* The authors should reflect on the factors that influence the performance of the ap-
proach. For example, a facial recognition algorithm may perform poorly when image
resolution is low or images are taken in low lighting. Or a speech-to-text system might
not be used reliably to provide closed captions for online lectures because it fails to
handle technical jargon.

* The authors should discuss the computational efficiency of the proposed algorithms

and how they scale with dataset size.

If applicable, the authors should discuss possible limitations of their approach to ad-

dress problems of privacy and fairness.

¢ While the authors might fear that complete honesty about limitations might be used by
reviewers as grounds for rejection, a worse outcome might be that reviewers discover
limitations that aren’t acknowledged in the paper. The authors should use their best
judgment and recognize that individual actions in favor of transparency play an impor-
tant role in developing norms that preserve the integrity of the community. Reviewers
will be specifically instructed to not penalize honesty concerning limitations.

3. Theory assumptions and proofs

Question: For each theoretical result, does the paper provide the full set of assumptions and
a complete (and correct) proof?

Answer: [Yes]|

Justification: Sec. 5 demonstrates the effectiveness of SCReasoner, which achieves state-
of-the-art performance on long-form tasks and excels in allocentric understanding for QA.
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Guidelines:

* The answer NA means that the paper does not include theoretical results.

 All the theorems, formulas, and proofs in the paper should be numbered and cross-
referenced.

» All assumptions should be clearly stated or referenced in the statement of any theo-
rems.

* The proofs can either appear in the main paper or the supplemental material, but if
they appear in the supplemental material, the authors are encouraged to provide a
short proof sketch to provide intuition.

* Inversely, any informal proof provided in the core of the paper should be comple-
mented by formal proofs provided in appendix or supplemental material.

* Theorems and Lemmas that the proof relies upon should be properly referenced.

4. Experimental result reproducibility

Question: Does the paper fully disclose all the information needed to reproduce the main
experimental results of the paper to the extent that it affects the main claims and/or conclu-
sions of the paper (regardless of whether the code and data are provided or not)?

Answer: | Yes]

Justification: The metrics and the baselines are described in Sec. 3.2 and Sec. 4. All data
and code are publicly available for reproducing results.

Guidelines:

* The answer NA means that the paper does not include experiments.
* If the paper includes experiments, a No answer to this question will not be perceived
well by the reviewers: Making the paper reproducible is important, regardless of
whether the code and data are provided or not.
If the contribution is a dataset and/or model, the authors should describe the steps
taken to make their results reproducible or verifiable.
Depending on the contribution, reproducibility can be accomplished in various ways.
For example, if the contribution is a novel architecture, describing the architecture
fully might suffice, or if the contribution is a specific model and empirical evaluation,
it may be necessary to either make it possible for others to replicate the model with
the same dataset, or provide access to the model. In general. releasing code and data
is often one good way to accomplish this, but reproducibility can also be provided via
detailed instructions for how to replicate the results, access to a hosted model (e.g., in
the case of a large language model), releasing of a model checkpoint, or other means
that are appropriate to the research performed.

While NeurIPS does not require releasing code, the conference does require all sub-

missions to provide some reasonable avenue for reproducibility, which may depend

on the nature of the contribution. For example

(a) If the contribution is primarily a new algorithm, the paper should make it clear
how to reproduce that algorithm.

(b) If the contribution is primarily a new model architecture, the paper should describe
the architecture clearly and fully.

(c) If the contribution is a new model (e.g., a large language model), then there should
either be a way to access this model for reproducing the results or a way to re-
produce the model (e.g., with an open-source dataset or instructions for how to
construct the dataset).

(d) We recognize that reproducibility may be tricky in some cases, in which case au-
thors are welcome to describe the particular way they provide for reproducibility.
In the case of closed-source models, it may be that access to the model is limited in
some way (e.g., to registered users), but it should be possible for other researchers
to have some path to reproducing or verifying the results.

5. Open access to data and code

Question: Does the paper provide open access to the data and code, with sufficient instruc-
tions to faithfully reproduce the main experimental results, as described in supplemental
material?
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Answer: [Yes]

Justification: The dataset is available at https://huggingface.co/datasets/
lrpl23/Situat3DChange, and the code is available at https://github.com/
RuipingL/Situat3DChange.

Guidelines:

* The answer NA means that paper does not include experiments requiring code.

* Please see the NeurIPS code and data submission guidelines (https://nips.cc/
public/guides/CodeSubmissionPolicy) for more details.

* While we encourage the release of code and data, we understand that this might not
be possible, so “No” is an acceptable answer. Papers cannot be rejected simply for not
including code, unless this is central to the contribution (e.g., for a new open-source
benchmark).

* The instructions should contain the exact command and environment needed to run to
reproduce the results. See the NeurIPS code and data submission guidelines (https:
//nips.cc/public/guides/CodeSubmissionPolicy) for more details.

* The authors should provide instructions on data access and preparation, including how
to access the raw data, preprocessed data, intermediate data, and generated data, etc.

* The authors should provide scripts to reproduce all experimental results for the new
proposed method and baselines. If only a subset of experiments are reproducible, they
should state which ones are omitted from the script and why.

* At submission time, to preserve anonymity, the authors should release anonymized
versions (if applicable).

* Providing as much information as possible in supplemental material (appended to the
paper) is recommended, but including URLSs to data and code is permitted.
6. Experimental setting/details

Question: Does the paper specify all the training and test details (e.g., data splits, hyper-
parameters, how they were chosen, type of optimizer, etc.) necessary to understand the
results?

Answer: [ Yes]|
Justification: The experimental setting is described in Sec. 3.2, Sec. 4, and the Appendix.
Guidelines:

* The answer NA means that the paper does not include experiments.

* The experimental setting should be presented in the core of the paper to a level of
detail that is necessary to appreciate the results and make sense of them.

* The full details can be provided either with the code, in appendix, or as supplemental
material.
7. Experiment statistical significance

Question: Does the paper report error bars suitably and correctly defined or other appropri-
ate information about the statistical significance of the experiments?

Answer:
Justification: We do not analyze statistical error caused by fixing the random seed.
Guidelines:

* The answer NA means that the paper does not include experiments.

* The authors should answer “’Yes” if the results are accompanied by error bars, confi-
dence intervals, or statistical significance tests, at least for the experiments that support
the main claims of the paper.

* The factors of variability that the error bars are capturing should be clearly stated (for
example, train/test split, initialization, random drawing of some parameter, or overall
run with given experimental conditions).

* The method for calculating the error bars should be explained (closed form formula,
call to a library function, bootstrap, etc.)

* The assumptions made should be given (e.g., Normally distributed errors).
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8.

10.

« It should be clear whether the error bar is the standard deviation or the standard error
of the mean.

e Itis OK to report 1-sigma error bars, but one should state it. The authors should prefer-
ably report a 2-sigma error bar than state that they have a 96% ClI, if the hypothesis of
Normality of errors is not verified.

» For asymmetric distributions, the authors should be careful not to show in tables or
figures symmetric error bars that would yield results that are out of range (e.g. negative
error rates).

* If error bars are reported in tables or plots, The authors should explain in the text how
they were calculated and reference the corresponding figures or tables in the text.
Experiments compute resources

Question: For each experiment, does the paper provide sufficient information on the com-
puter resources (type of compute workers, memory, time of execution) needed to reproduce
the experiments?

Answer: [ Yes]|
Justification: The computational resources are described in the Appendix.
Guidelines:

* The answer NA means that the paper does not include experiments.

 The paper should indicate the type of compute workers CPU or GPU, internal cluster,
or cloud provider, including relevant memory and storage.

* The paper should provide the amount of compute required for each of the individual
experimental runs as well as estimate the total compute.

* The paper should disclose whether the full research project required more compute
than the experiments reported in the paper (e.g., preliminary or failed experiments
that didn’t make it into the paper).

. Code of ethics

Question: Does the research conducted in the paper conform, in every respect, with the
NeurIPS Code of Ethics https://neurips.cc/public/EthicsGuidelines?

Answer: [ Yes]|

Justification: The annotated data from human is from the coauthors, who agree with the
ethics.

Guidelines:

¢ The answer NA means that the authors have not reviewed the NeurIPS Code of Ethics.

* If the authors answer No, they should explain the special circumstances that require a
deviation from the Code of Ethics.

¢ The authors should make sure to preserve anonymity (e.g., if there is a special consid-
eration due to laws or regulations in their jurisdiction).
Broader impacts

Question: Does the paper discuss both potential positive societal impacts and negative
societal impacts of the work performed?

Answer: [Yes]
Justification: The societal impact of this work is discussed in the Sec. 6.
Guidelines:

* The answer NA means that there is no societal impact of the work performed.

e If the authors answer NA or No, they should explain why their work has no societal
impact or why the paper does not address societal impact.

» Examples of negative societal impacts include potential malicious or unintended uses
(e.g., disinformation, generating fake profiles, surveillance), fairness considerations
(e.g., deployment of technologies that could make decisions that unfairly impact spe-
cific groups), privacy considerations, and security considerations.
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12.

* The conference expects that many papers will be foundational research and not tied
to particular applications, let alone deployments. However, if there is a direct path to
any negative applications, the authors should point it out. For example, it is legitimate
to point out that an improvement in the quality of generative models could be used to
generate deepfakes for disinformation. On the other hand, it is not needed to point out
that a generic algorithm for optimizing neural networks could enable people to train
models that generate Deepfakes faster.

* The authors should consider possible harms that could arise when the technology is
being used as intended and functioning correctly, harms that could arise when the
technology is being used as intended but gives incorrect results, and harms following
from (intentional or unintentional) misuse of the technology.

* If there are negative societal impacts, the authors could also discuss possible mitiga-
tion strategies (e.g., gated release of models, providing defenses in addition to attacks,
mechanisms for monitoring misuse, mechanisms to monitor how a system learns from
feedback over time, improving the efficiency and accessibility of ML).

Safeguards

Question: Does the paper describe safeguards that have been put in place for responsible
release of data or models that have a high risk for misuse (e.g., pretrained language models,
image generators, or scraped datasets)?

Answer: [NA]

Justification: Our dataset, which our model is trained on, is based on the publicly available
3RScan dataset. All of our baselines are open-sourced.

Guidelines:

* The answer NA means that the paper poses no such risks.

* Released models that have a high risk for misuse or dual-use should be released with
necessary safeguards to allow for controlled use of the model, for example by re-
quiring that users adhere to usage guidelines or restrictions to access the model or
implementing safety filters.

 Datasets that have been scraped from the Internet could pose safety risks. The authors
should describe how they avoided releasing unsafe images.

* We recognize that providing effective safeguards is challenging, and many papers do
not require this, but we encourage authors to take this into account and make a best
faith effort.

Licenses for existing assets

Question: Are the creators or original owners of assets (e.g., code, data, models), used in
the paper, properly credited and are the license and terms of use explicitly mentioned and
properly respected?

Answer: | Yes]
Justification: All original papers relevant to our work are properly cited.
Guidelines:

* The answer NA means that the paper does not use existing assets.

* The authors should cite the original paper that produced the code package or dataset.

* The authors should state which version of the asset is used and, if possible, include a
URL.

* The name of the license (e.g., CC-BY 4.0) should be included for each asset.

* For scraped data from a particular source (e.g., website), the copyright and terms of
service of that source should be provided.

 If assets are released, the license, copyright information, and terms of use in the
package should be provided. For popular datasets, paperswithcode.com/
datasets has curated licenses for some datasets. Their licensing guide can help
determine the license of a dataset.

* For existing datasets that are re-packaged, both the original license and the license of
the derived asset (if it has changed) should be provided.
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13.

14.

15.

* If this information is not available online, the authors are encouraged to reach out to
the asset’s creators.

New assets

Question: Are new assets introduced in the paper well documented and is the documenta-
tion provided alongside the assets?

Answer: [Yes]

Justification: We release the dataset which is well documented and passed the Neurips
Croissant validation.

Guidelines:

* The answer NA means that the paper does not release new assets.

* Researchers should communicate the details of the dataset/code/model as part of their
submissions via structured templates. This includes details about training, license,
limitations, etc.

* The paper should discuss whether and how consent was obtained from people whose
asset is used.

* At submission time, remember to anonymize your assets (if applicable). You can
either create an anonymized URL or include an anonymized zip file.

Crowdsourcing and research with human subjects

Question: For crowdsourcing experiments and research with human subjects, does the pa-
per include the full text of instructions given to participants and screenshots, if applicable,
as well as details about compensation (if any)?

Answer: [Yes]

Justification: To ensure the quality of the human-labeled data, we recruited co-authors with
experience working with blind individuals to perform the annotations. Their work was
supported by the projects acknowledged in this paper.

Guidelines:

* The answer NA means that the paper does not involve crowdsourcing nor research
with human subjects.

* Including this information in the supplemental material is fine, but if the main contri-
bution of the paper involves human subjects, then as much detail as possible should
be included in the main paper.

* According to the NeurIPS Code of Ethics, workers involved in data collection, cura-
tion, or other labor should be paid at least the minimum wage in the country of the
data collector.

Institutional review board (IRB) approvals or equivalent for research with human
subjects

Question: Does the paper describe potential risks incurred by study participants, whether
such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)
approvals (or an equivalent approval/review based on the requirements of your country or
institution) were obtained?

Answer:

Justification: There is no risk for coauthors in describing the environmental changes present
in an open-source dataset.

Guidelines:

* The answer NA means that the paper does not involve crowdsourcing nor research
with human subjects.

* Depending on the country in which research is conducted, IRB approval (or equiva-
lent) may be required for any human subjects research. If you obtained IRB approval,
you should clearly state this in the paper.

* We recognize that the procedures for this may vary significantly between institutions
and locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the
guidelines for their institution.
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* For initial submissions, do not include any information that would break anonymity
(if applicable), such as the institution conducting the review.

16. Declaration of LLM usage

Question: Does the paper describe the usage of LLMs if it is an important, original, or
non-standard component of the core methods in this research? Note that if the LLM is used
only for writing, editing, or formatting purposes and does not impact the core methodology,
scientific rigorousness, or originality of the research, declaration is not required.

Answer: [Yes]

Justification: The usage of LLMs to create the dataset and evaluate the MLLM responses
is introduced in Sec. 3.1 and Sec. 3.2.

Guidelines:

* The answer NA means that the core method development in this research does not
involve LLMs as any important, original, or non-standard components.

* Please refer to our LLM policy (https://neurips.cc/Conferences/
2025 /LLM) for what should or should not be described.
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A Data Generation

The data generation process includes situation sampling, long-form text generation, query genera-
tion for the long-form text, and QA generation. It is based on human observations of changes, object
attributes, and allocentric object relationships in 3DSSG [25], as well as egocentric relationships be-
tween the human and the objects.

A.1 Situation Sampling

We follow the situation categories of MSQA [10], namely sitting, interacting, and standing, but with
more detailed geometric analysis:

Sitting. The 28 seat categories in 3RScan [17] are grouped into four types: 3 large seats with
backrests (e.g., sofa), 16 small seats with backrests (e.g., armchair), 1 large seat without a backrest
(bed), and 8 small seats without backrests (e.g., beanbag). Seatable and backrest areas are classified
by surface normals, or by nearby walls within 0.5 m if no backrest exists. For small seats, the seating
point is the bounding box center, oriented away from the backrest. For large seats, we select a point
with a backrest behind and open space (0.5—1 m) in front. If no backrest or wall is present, the seat
center is used, facing the room center.

Interacting. We consider objects with a dominant horizontal normal as interactable. A point is
randomly selected from the standable floor regions, oriented toward the object center and within 5
degrees of the object’s dominant normal, at a distance of 0.3 to 0.5 m from its bounding box.

Standing. The standing situation is anchored to the nearest object. In scenes with few objects
(e.g., a stairwell), multiple situations may share the same anchor object but differ in their proximity
orientations, such as 3 o’clock (right) and 5 o’clock (back).

Sitting on couch_2 Interacting with curtain_21

q m T

Location: (4.63, 1.27, 0.12)

Orientation: (0.77,-0.64, 0.07)

Descriptive Situation:

Sitting on the couch with a kitchen cabinet to the right.

Location: (4.63, -1.27,0.11)

Orientation: (0.77, -0.64, 0.07)

Descriptive Situation:

Adjusting the curtain in front, with a couch behind me.

Interacting with vacuum cleaner_29

. Location: (1.05, -1.49, 0.16)

Orientation: (0.92, -0.39, -0.03) Orientation: (-0.31, -0.81, -0.50)

Descriptive Situation: Descriptive Sntuatmn

Opening the kitchen cabinet in front, with a Cleaning with the vacuum cleaner in front, a wooden
wooden chair to the right within arm reach. TV stand to the left within arm reach.

Standing with chalr 11 3 ) clock

Locatiol 7, 0 06)

Figure 8: Examples of sitting, standing, and interacting situations. Each includes the location, ori-
entation, egocentric view, panorama, and descriptive situations based on the scene’s holistic context.

The aforementioned process generates a brief situation with an anchor object, location, and orienta-
tion, as shown in Fig. 8. The egocentric view and panorama are captured to represent the perspective
of a wearable device or embodied agent. Since situations anchored solely to an object lack human-
centered context and informativeness, we extend them into descriptive situations based on holistic
scene information, incorporating at least two reference objects, as illustrated in Fig. 9.
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system_prompt = (“You are an Al visual assistant tasked with expanding brief situational descriptions into 5 different detailed
situation descriptions with human-object interactions within a 3D scene. Initially, the situation involves only one reference object,
but your description should include at least two interacting objects. Exclude non-present objects. Each detailed description should
be less than 20 words. The response should be in the format with ‘S’ is the detailed description and ‘O’ is the reference objects.
Mention the directions (left, right, front, back) of all reference objects when standing. ‘Interacting’ should be an action conducted
while standing, with the interacted object in front. Don’t assume ‘interacting’ to be ‘sitting’.” )

datasit = {“windowsill.4”: {“attributes” [“metal”, “dark”, “gray”], “location”: “left”}, “plant.7”: {‘“attributes™: [“tall”],
“location™:  “left”}, “plant-8”: {“location” “left, within arm reach”}, “beanbag-17": {“location™: “left’}, “table_19":
{“attributes™: [“wooden”, “blue”, “green”, “rectangular”, “low”, “narrow”], “location”: “front, within arm reach”}, “cushion_20"":
{“location”: “left, within arm reach™}, “cushion_21": {“attributes”: [“tall”, “wide”], “location”: “left”}, “sofa_22": {“attributes”:

[“padded”, “L-shaped”, “orange”, “pink”, “wide”],“location”: “below”}, “tv_24”: {“attributes”: [“black”], “location”: “front, far
away”}... }

data_interact = {“sink_7": {“attributes”: [“white”], “location”: “front, within arm reach”}, “mirror_9”: {*“location”: “front, within
arm reach”}, “toilet_13”: {“attributes”: [“seat down”, “white”, “tall”, “wide”], “location”: “left, within arm reach™}, “bucket_14":
{“location”: “back, within arm reach”}, “trash can_16"": {“location: “front, within arm reach”}... }

data_stand = { “kitchen counter2”: { “attributes™ [“stone”, “rectangular”, “white”, “low”], “location”: “front, within arm
reach”}, “clutter97: “location”: “front, within arm reach”, “clutter_11"": {“location”: “front, within arm reach”}, “window_13":
{“attributes™ [“glass”, “white”], “location™: “right”}, “garbage_16: {“attributes™ [“cylindrical”], “location™: “right”},
“doorframe_22": {“attributes™ [“rectangular”, “white”], “location™: “left” }, “oven-24”: {“attributes™ [“black™, “silver”],

2. <

“location”: “right, within arm reach”}... }

example_sit = [

{“user”: f “brief situation: sitting on sofa_22, object attributes: {data_sit}”,

{“assistant”™: ”‘S’: "Sitting on the L-shaped sofa, watching TV far away.’, ‘O’: ‘sofa_22, tv_24" “S’: "Sitting on sofa, chatting with a
person on the beanbag to my left.”, ‘O’: ’sofa_22, beanbag_17" “S’: ‘Sitting on sofa with a windowsill to the left.”, ‘O’: ‘sofa_22,
windowsill 4" ‘S’: “Sitting on sofa with two plants to the left.”, ‘O’: ‘sofa_22, plant.7, plant_8 ‘S’: ‘Sitting on the L-shaped sofa
with a wooden table in the front within arm reach.’, ‘O’: ’sofa_22, table_19” “S’: *Sitting on the L-shaped sofa with two cushions to
the left.’, ‘O’: ‘sofa-22, cushion_20, cushion21" }]

example_interact = [

{“user”: f “brief situation: interacting with sink_7, object attributes: {data_interact}”,

{“assistant™ “‘S’: ‘Washing hands at the sink in the front within arm reach, and a trash can to the left by my feet.’, ‘O’: ’sink_7,
trash can_16’ ‘S’: ‘Cleaning the sink with a bucket behind me within arm reach.’, ‘O’: ’sink_7, bucket_14" ‘S’: ‘Washing my face at
the sink, while the toilet is to my left within arm’s reach.’, ‘O’: ‘sink_7, toilet_13’ ‘S’: “Washing hands at the sink with a mirror in
the front within arm reach.’, ‘O’: ‘sink_7, mirror_9’ ‘S’: ‘Washing hands at the sink, with a small shelf to my left.’, ‘O’: ‘sink_7,
shelf_10™ }]

example_stand = [

“user”: f “brief situation: standing with kitchen counter_2 12 o’clock, object attributes: {data_stand}”,

“assistant”: “‘S’: ‘Baking in front of the kitchen counter, with an oven to my right within arm’s reach.’, ‘O’: ‘kitchen
counter_2, oven24’ ‘S’: ‘Cooking in front of the kitchen counter, with the doorframe to my left’, ‘O’: ‘kitchen counter_2,
doorframe_22" ‘S’: ‘Cooking in front of the kitchen counter, with a window to my right.”, ‘O’: ‘kitchen counter_2, window_13’
‘S’: ‘Cooking in front of the kitchen counter, with a garbage to my right.’, ‘O’: ‘kitchen counter_2, garbage_16’ ‘S’: ‘Standing in

front of the kitchen counter, with two clutters also in the front within arm’s reach.’, ‘O’: ‘kitchen counter_2, clutter_9, clutter_11 }]

Figure 9: Prompt for descriptive situation generation.
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A.2 Long-Form Text Generation

Seven coauthors annotated each changed object in 3RScan [17] with situation-agnostic Reason, De-
scription, Rearrangement Instruction, and Warning (Fig. 10). These were combined with object
attributes, allocentric and egocentric relationships to generate situation-aware descriptions and in-
structions.

Removed

@ Reason: Someone made rearrangement.

Description: The stool was originally placed on
a carpet and in front of the white table, now the
white table and the stool are removed.

Rigid

@ Reason: Changing the bed set

Description: The pillow, now in a light green
case, has moved from the far to the near side of
the bed by the wardrobe.
Rearrangement: Move it back to the side farther

N from the wardrobe.

Nonrigid

Present @ Reason: For updating furniture.
Description: the closed white curtain is

replaced by one with floral patterns.
Rearrangement: replace the curtain with a
white one and close it.

Figure 10: Human annotation for the original changes labeled in 3RScan [17] without situation-
awareness. The original changes are categorized into removed, rigid, and non-rigid types.

system_prompt = (“You are an Al assistant tasked with generating captions of changes and instructions to rearrange changed objects in
a 3D scene, based on the current location and orientation of the observer. This includes the vertical allocentric relationships among the
objects, their horizontal locations (specified in degrees and distance) relative to the observer, and their attributes. Objects undergoing
changes are classified into four categories: removed, added, rigid, and non-rigid. Always provide a caption (‘C’) that describes the change,
including egocentric details, but exclude any rearrangement instructions (‘R’) for removed or added objects. To generate caption (‘C’),
rewrite ‘Caption’ to include at least one location with distance and clockwise direction: current (‘location’, ‘allocentric’) or original
(‘location_old’, ‘allocentric_old’), and the distance in 'return’. To generate ‘C’, don’t use direction in ‘return’. To generate rearrangement
instruction (‘R’), rewrite ‘Instruction’ to guide the user to reach the current ‘location’ of the changed object for the first step, then do
‘return’ to return the changed object, i.e. at least two steps for ‘location’ and ‘return’. Mention the distance and direction of the movement
(‘location” and ‘return’). And only generate ‘C’ for objects that have the label *Caption’. When generating instructions, please always
specify the direction and distance of the movement. Please rewrite the numbers (direction and distance) in ‘Caption’ and ‘Instruction” with
the provided ones (location’, "location_old’, ’return’), adjust verbs (e.g., push/pull) to reflect the observer’s perspective. The output should
be formatted as ‘O’ (object), ‘T’ (type of change), ‘C’ (description of change), and ‘R’ (numbered rearrangement actions, e.g., ‘1.,2.,3.,..°)")

.

data = {*removed”: {“storage22”: { “location_old”: “4 o’clock, 0.4m” “Caption”: “incomplete scan” }}, “rigid”: { “table_7”: { “at-

»

tributes”: [“wooden”, “rectangular”, “white”], “location”: “10 o’clock, 0.9m”, “location_old”: “10 o’clock, 1.0m”, “allocentric_old’: “mon-
itor_8 standing on table_7, picture_23 lying on table_7”, “allocentric”: “monitor_8 standing on table_7”, “Caption”: “The table is against the
wall, with a computer on top of it, and the window is to the right.” }, “chair_6”: { “attributes”: [ “wide” ], “location”: “11 o’clock, 0.8m”,
“return”: “2 o’clock, 0.5m”, “location_old”’: “12 o’clock, 1.0m”, “Caption”: “The chair was previously by the window, and now it is directly
in front of the table.”, “Instruction”: “Move it one step right to the window” } }, “non_rigid”: { “curtain_5": { “location”: “I1 o’clock,

1.5m”, “allocentric”: “curtain_5 hanging on wall_3", “Caption”: “the change is not obvious” } }, “unchanged”: { “rail-33": { “location”: “1
o’clock, 1.6m” }...} }

example = [
“user”: f “brief situation: standing with chair_34 9 o’clock, object attributes: {data}”,
{“assistant”: “‘O’: ‘storage_22’, ‘T’: ‘removed’, ‘C’: ‘The partially scanned storage at your 4 o’clock, 0.6 meter away, may have been

removed.” ‘O’: ‘table_7’, “T’: ’rigid’, ‘C’: “The white table with a monitor on it at your 10 o’clock, 1.5 m away hasn’t changed its position,
but the picture on it has been removed.” ‘O’: *chair_6’, ‘T’: ‘rigid’, ‘C’: “The chair, which was at your 11 o’clock, 1.4 meters away by the
window, has been moved 0.5 meter to the front of the table.’, ‘R’: 1. Turn to your front-left and take two steps, bypassing the couch half a
step away. 2. Pick up the chair in front of the table. 3. Move the chair one step to your right, placing it beneath the window.” ‘O’: ‘curtain_5’,
“T’: ‘nonrigid’, ‘C’: ‘“The curtain on your 1 o’clock, 1.8 meters away, remains hanging on the wall.”” }]

Figure 11: Prompt for generating situation-aware long-form texts, including change descriptions
and rearrangement instructions.
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A.3 Query Generation for Long-Form Text

The queries for change description and rearrangement instruction are generated based on features
that distinguish the object from others in the same category, as shown in Fig. 12. These features are
filtered and refined by coauthors.

system_prompt = (“You are an Al assistant tasked with generating queries about changes to a specific object. Given the object’s
name and a set of its features, generate one query per feature. The tense indicates whether the provided information refers to the
state before (past) or after (present) the change. Use the tense accordingly when generating queries, especially by referencing
the spatial relation of the object (e.g., ‘farthest object’, ‘nearest object’, ‘others’, ‘vertical_relationship’). ‘others’ also represents
features of the object. ‘num’ represents the number of items in the same category within the scene. If ‘num’ equals 2, use the
comparative form for the spatial location; if it is greater than 2, use the superlative form for the spatial location. Don‘t mention
the instance ID of the object. Make the queries as short as possible to include only the necessary information. Please only ask for
general changes, and don‘t ask about the specific change of the object.” )

5. »

data_pre = {“object”: “nightstand_8”, “tense”: “past”, “num”:2,

“features™: [{“nearest_objs”: [“nearest to the curtain”]},

{ ‘vertical_relationships’: [“frame standing on nightstand”, “lamp supported by nightstand”]}, {“farthest_objs™: [“farthest to the
wardrobe”]} 1}

data_post = {“object”: “desk_5", “tense”: “present”, “num”:3,

“features”: [{“nearest_objs”: [“nearest to the wardrobe]},

{ ‘vertical_relationships’: [“monitor standing on desk”, “plant standing on desk™]} 1}

example_pre= [

“user”: {data_pre},

“assistant”: {“Query 1”: “How has the nightstand that was nearer to the curtain been altered?”, “Query 2”: “Which updates have
been made to the nightstand that had a frame and a lamp on it?”, “Query 3”: “Could you describe what modifications were applied
to the nightstand that stood farther from the wardrobe?”, “Query 4”: “What changes have been made to the nightstand that stood
farther from the wardrobe?”, “Query 5”: “How has the nightstand that was farther from the wardrobe been altered?”, “Query 6”:
“What changes have been made to the nightstand that stood nearer to the curtain?”, “Query 7”: “What kind of changes were made
to the nightstand set farther from the wardrobe?”, “Query 8”: “How has the nightstand that was nearer to the curtain been altered?”,
“Query 97: “Please explain what has been adjusted on the nightstand situated farther from the wardrobe.”, “Query 10”: “What
revisions have taken place regarding the nightstand that was at a distance from the wardrobe?” ]}

example_post= [

“user”: {data_post},

“assistant”: {“Query 17: “How has the desk that is nearest to the wardrobe been altered?”, “Query 2”: “What changes have been
made to the desk that is closest to the wardrobe?”, “Query 3”: “Which updates have been made to the desk that has a monitor and
a plant on it?”, “Query 4”: “Could you describe what modifications were applied to the desk with a monitor and a plant on it?”,
“Query 5”: “How has the desk that is positioned nearest to the wardrobe been altered?”, “Query 6”: “What modifications have been
applied to the desk situated nearest to the wardrobe?”, “Query 7”: “What kind of changes were made to the desk that is closest to
the wardrobe?”, “Query 8”: “How has the desk with a monitor and a plant on it been altered?”, “Query 9”: “Please explain what
has been adjusted on the nightstand situated farther from the wardrobe.”, “Query 10”: “What revisions have taken place regarding
the desk that is closest to the wardrobe?” 1}

Figure 12: Prompt for generating queries for long-form texts, with an example for change descrip-
tion.
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A4 QA Generation

The QA pairs are generated using object attributes, as well as egocentric and allocentric relation-
ships, following O-CoT [21] as shown in Fig. 13. Each pair may include the object’s label, index,
and QA type to retrieve the correct answer from the original data. Figure 14 illustrates examples of
QA types.

system_prompt = (“You are an Al visual assistant tasked with generating question and answer pairs based on changes observed
in a sequence of scene images. The scenes detail the journey along a familiar route, highlighting shifts in object positioning and
attributes. Your questions should cover the following areas:

Warning: Query if there is any changed object that obstructs the familiar route to a target object. If an object has the attribute
‘Warning’ means it becomes an emerged obstacle towards the target object in the list. Only mention one target object in the
question. Egocentric Distance Old/ Egocentric Distance (‘How far ..."): Calculate the distance from the observer to the current or
original location of objects. Prioritize the ‘egocentric distance old” if the change exists. Allocentric Displacement (‘How far ..."):
ask about ‘move_distance’ of a specific object. Egocentric Direction Old/ Egocentric Direction (‘In which direction ..."): Determine
the current or original orientation of objects in relation to the observer. Prioritize the ‘egocentric direction old” if the change exists.
Allocentric Relationship (“‘Where’): Examine the old or current vertical spatial relationships between objects. Counting: Count
objects of a specific type in a direction to the observer (front, left, behind, right). Existence: Note the addition or removal of specific
objects. Attribute: Ask about a specific aspect of an object, focusing on its status, color, and material. Questions start with like
‘What is the status/ color/ material?’. Affordance: Check for objects serving specific purposes in the observer’s immediate vicinity.
For each scenario, generate 15 questions and answer pairs addressing these topics to effectively map the changes in the scene.
Don’t ask anything about the wall, the ceiling, or the floor. Don’t answer the direction and distance together. Don’t mention
numbers in the question. “Where’ is only for an egocentric relationship. Each answer should be a maximum of 5 words. Exclude
non-present objects. Don’t ask questions that cannot be answered. Don’t ask for the direction of the movement. Please don’t
confuse shape with size. The output is in the format with ‘Q’ for the question, ‘A’ for the answer, ‘O’ for the reference object, and
“Type’ for the type of question and answer pairs.” )

data = {“rigid”: {“chair-39”: {“location”™ “I11 o’clock, 0.4m”, “move_distance™ “1.6m”, “location-old”™: “10 o’clock,
1.7m”, “Warning™: [“bed-3”, “cabinet_6”, “bag-24”, “bag-38", “blanket40”, “laptop-417, “roll_42”]}, “table_18":{“material”:
[“wooden”], “color”: [“white”], “shape”: [“rectangular”], “state”: [“messy”], “location”: “5’clock, 0.1m”, “location_old: “5
o’clock, 0.0m™}}, “unchanged™: {“bed-3": {“state” [“messy”], “color™:[“gray”], “size”: [“low”, “narrow”], “location™: “11
o’clock”, 1.1m}, “cabinet6”: {“size™ [“big”], “location” “12 o’clock, 1.9m”}, “door_14": { “state™ [“closed”], “shape”:
[“flat”], “color”: [“white”],“size™: [“tall”],“location™: 2 o’clock, 3.9m”, “allocentric: “hanging on wall_13"},“clothes_157:
{“color”: [“beige”, “black™], “location™: “2 o’clock, 3.8m”, “allocentric”: “hanging on door-14"}, “chair_19”: {“location:
“6 o’clock, 0.3m”}, “clothes_dryer-20”: {“location™ “9 o’clock, 1.9m”}, “window-22": {“material”: [“glass”],“shape”:
[“rectangular”], “state”: [“half open/closed”], “location”: “9 o’clock, 1.6m”, “allocentric”: “attached to wall4, attached to
wall 27}, “basket25": {“size™: [“big”],“location™: “8 o’clock, 1.4m™},“clothes dryer-37": {“location™: “2 o’clock, 3.1m”},
“blanket_40”: {“location™: “11 o’clock, 1.8m”, “allocentric”: ” lying on bed-3"}, “laptop-41": {“color”: [“gray”],“location™: “12

2

o’clock, 2.4m”, “allocentric”: “standing on bed_3"}...}

example= [
“user”: {data},

{“assistant”™: (“‘Q’: ‘How far was the chair, which was between the clothes dryer and the bed, moved?’, ‘A’: 1.6 m’, ‘O’: ’chair_39’,
*Type’: ’Allocentric Displacement™ “‘Q’: ‘Are there any changed objects on my familiar route to the bed?’, ‘A’: ‘A chair’, ‘O’:
’bed_3, chair_39’, “Type’: ‘Warning”” “‘Q’: What is the status of the white wooden table?’, ‘A’: ‘Messy’, ‘O’: ‘table_38’, ‘Type’:
‘Attribute™ “‘Q’: ‘How far was the clothes dryer to my left relative to me?’, ‘A’: ‘1.9 m’, ‘O’: ‘clothes dryer_20’, ‘“Type’: ‘Ego-
centric Distance Old”” “‘Q’: ‘How many chairs are there behind me?’, ‘A’: ‘One’, ‘O’: ‘chair_19°, ‘Type’: ‘Counting™ “‘Q’: ‘Is
there something to hang clothes on in this room?’, ‘A’: ‘Two clothes dryers’, ‘O’: ‘clothes dryer_20, clothes dryer_37°, ‘Type’:
‘Affordance™ “*Q’: *Which direction was the changed chair relative to me?’, ‘A’: ‘10 o’clock’, ‘O’: ‘chair_39’, ‘Type’: ‘Egocen-
tric Direction Old”” “‘Q’: ‘Is there any sofa in the room?’, ‘A’: ‘No’, ‘O’: ‘None’, ‘Type’: ‘Existence” “‘Q’: ‘Is there anything
to keep warm while sleeping?’, ‘A’: ‘A blanket’, ‘O’: ’blanket_40’, ‘Type’: ‘Affordance™ “‘Q’: ‘Where are the beige and black
clothes?’, ‘A’: ‘Hanging on the door’, ‘O’: ‘clothes_15, door_14’, “Type’: ‘Allocentric Relationship™ “‘Q’: “Where is the laptop?’,
‘A’: ‘Standing on the bed’, ‘O’: ‘laptop_41, bed_3’, ‘“Type’: ‘Allocentric Relationship™ “‘Q’: ‘How far is the basket from me?’,
‘A:’1.4m’, ‘O’: ‘basket25’, ‘Type’: ‘Egocentric Distance™ “‘Q’: *What is the status of the window?’, ‘A’: ‘Half open’, ‘O’:
‘window_22’, ‘Type’: ‘Attribute” “‘Q’: *Which direction is the changed chair relative to me?’, ‘A’: ‘11 o’clock’, ‘O’: ‘chair_39’,
“Type’: ‘Egocentric Direction™ “‘Q’: ‘“How far is the chair in front of me?’, ‘A’: ‘40 cm’, ‘O’: ‘chair_39’, “Type’: ‘Egocentric
Distance™) }]

Figure 13: Prompt for QA generation.
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| Situation:

| Tidying up the bed in back within arm reach, with a
1 laundry basket to my left.

'

'
: Question: How far was the laundry basket originally?
1Answer: 0.7 m

Egocentric Distance

Egocentric View:

' Changing baby at the unit in front, while a blanket is
| nearby within arm reach.

| Question: Are there any changed objects on my

! familiar route to the wardrobe?

1 Answer: A stuffed animal.

Situation:
Sitting on chair, facing another chair in front.

Question: What is the state of the stove?
Answer: Off.

Attribute

Egocentric View:

| Situation:
| Moving the chair in front, with a trash can directly in
| front within arm reach.

1 Question: Which direction was the removed dining
! chair relative to me?

1 Answer: At your 2 o’clock.

Egocentric Direction

Egocentric View:

| Placing items on a stool in the front within arm reach,

| with a table also in front.

| Question: Where was the black padded pillow before it
1 got removed?

| Answer: On the blanket.

Situation:
Standing in front of the basket, with a pot also in the
front.

Question: Is there any item to sit on in front of me?
Answer: An armchair.

Affordance

Egocentric View:

Situation:
rganizing items on the armchair in front, with a rolled
carpetin front on the floor.

Question: How far was the box moved?
Answer: 1.6 m.

Allocentric Displacement

leaning boots in the front within arm reach, with an
item to my right within arm reach.

'
1 Question: How many handbags are there on my right?
nswer: Two.

Situation:
Fetching a towel from the bath cabinet in front, and a
white towel lies on my left within arm reach.

1 Question: Is there a towel behind me?
Answer: Yes.

Existence

Figure 14: Examples of the nine QA types. Blue indicates the previous position, and red indicates

the present position.
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B Dataset Statistics

Table 6. Statistics of the Situat3DChange dataset on scenes, situations, and changes.

General Number of Situations Number of Changes
Scan Pairs  Total Objects | Stand  Sit  Interact | Rigid Removed Non-Rigid
Training 793 22274 5981 1550 3107 2543 446 504
Validation 110 3532 882 192 433 390 96 54

Table 7. Distribution of QA types related to scene changes.
Allo. Dis. Warning Ego. Dir.  Allo. Rel.  Attribute Existence Ego. Dis. Affordance Counting
100.00% 100.00%  53.41% 40.03% 15.88% 23.79% 21.66% 8.91% 6.91%

se G

(a) Situation. (b) Query for Desc.

Figure 15: Word clouds of situations, change description queries, and rearrangement instructions.

|

Figure 16: Hierarchical distribution of questions in Situat3DChange.
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C MLLM Paradigms for Situat3DChange

The paradigms of the baselines are shown in Fig.17, with the tokenizer for system prompts and the
decoder for model responses omitted for simplicity. On the right side of Fig.17 (b) is our SCRea-
soner, which differs from LEO only in the fusion comparison module. This module compares similar
tokens from the previous and current scenes, leveraging Mamba’s selective token processing [27]
and a star operation [28] for fusion. It injects half of the scene tokens into the LLM as LEO does, fo-
cusing on the most relevant differences between the scene pair. The hyperparameters for fine-tuning
are listed in Tab. 8.

* Large Language Model 6'-0“’
4 4 4 4
4 4 + 4
6Image Qmage * *
Tokenizer Tokenizer
Encoder Encoder

Situation: Question:
“Washing hands atthe  “What updates

| sinkin the front within have been applied
arm reach, with a to the bin?”
mirror directly in front.”

Panorama from a random Panorama from the egocentric
viewpoint of the previous scene view of the current scene

(a) 2D MLLMs.
* Large Language Model 6Lora Large Language Model
+ + 4 + + )
&, & S bt ® !
Scene Scene Mg i Tokenizer Tokenizer
Encoder Encoder Encoder Encoder
N Situation: Question:
: ’ “Washing hands atthe ~ “What updates
2 sink in the front within have been applied
A arm reach, with a to the bin?”
mirror directly in front.”
Previous scene  Current scene Ego. view Position Previous scene  Current scene
LEO SCReasoner

(b) 3D MLLMs.

Figure 17: Baseline paradigms. Modules with the same color share weights.

Table 8. Hyperparameters for fine-tuned models.
Hyperparameter InternVL2 [84] LEO [21] SCReasoner

Optimizer AdamW AdamW AdamW
Weight decay 0.05 0.05 0.05
Betas [0.9,0.999] [0.9,0.999]  [0.9,0.999]
Learning rate 4x107° 3x107° 3x107°
Warmup steps 2852 400 400
Number of workers 4 4 4
Parallel strategy DDP DDP DDP
Type of GPUs A100 A100 A100
Memory 40 GB 40 GB 40 GB
Number of GPUs 4 4 4
Batch size per GPU 2 2 2
Training precision bfloat16 bfloat16 bfloat16
Epochs 5 5 5
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D Evaluation Details

D.1 Prompts for GPT Scoring

We craft fine-grained prompts to evaluate open-ended responses from MLLMs: general QA in
Fig.18, direction-related QA in Fig.19, and long-form text in Fig. 11. For evaluation, we use GPT-
40-mini [92] (timestamp 2024-07-18), which has been shown to outperform GPT-3.5 in both accu-

racy and cost-efficiency.

Score open-ended answers from 1 to 5 based on accuracy to the ground truth.

Score 2-4: Reflect partial correctness or minor errors.

Criteria:

Affordance: Question: Is there any furniture to rest feet on nearby? Ground Truth: Yes. Example Response: Yes, there is
an ottoman nearby. Score: 5 (Correct match). Attribute: Question: What is the color of the ottoman? Ground Truth: Blue,
red, brown. Example Response: The ottoman is brown. Score: 3 (Partial match). Existence: Question: Is there a chair on
my left? Ground Truth: Yes. Example Response: Yes, there is a chair on the left. Score: 5 (Correct match). Counting:
Question: How many tables are in the room? Ground Truth: Three Examples. Response: Two. Score: 1 (Significant
discrepancy). Warning: Question: Are there any changed objects on my familiar route to the door? Ground Truth: Yes, a
chair. Example Response: Yes, there is a table on the way to the door. Score: 2 (Major incorrect). Allocentric Relationship:
Question: Where is the kettle? Ground Truth: On the kitchen cabinet. Example Response: The kettle is on the kitchen
counter. Score: 4 (Approximate match).

Output only the score.

Figure 18: Prompt for LLM-assisted scoring of general QA.

Score open-ended answers from 1 to 5 based on accuracy to the ground truth.

Score 2-4: Reflect partial correctness or minor errors.

Mapping of proximity direction and clock face: front (from 11 to 1 o’clock), left (from 8 to 10 o’clock), right (from 2 to 4
o’clock), back (from 5 to 7 o’clock).

Criteria:

Score 5: If the difference is less than or equal to 1 o’clock on the clock face, e.g., GT: ‘11 o’clock’, Response: ‘10 o’clock’.
Score 4: If the response is in the correct proximity direction, e.g., GT: ‘6 o’clock’(back), Response: ‘Back’. Score 3:
If the response is adjacent to the correct direction, e.g., GT: ‘11 o’clock’(front left), Response: ‘Left’. Score 2: If the
response has a significant directional error but is not completely opposite, e.g., GT: ‘3 o’clock’(right), Response: ‘Back’.
Score 1: If the response is in the opposite proximity direction to the ground truth, e.g., GT: ‘9 o’clock’(left), Response: ‘4
o’clock’ (right).

Output only the score.

Figure 19: Prompt for LLM-assisted scoring of egocentric direction QA.

You are an intelligent evaluator tasked with assessing the correctness and semantic similarity of model-generated answers
to question-answering pairs. Your goal is to compare the predicted answer with the reference (correct) answer and assign
a score based on how well they align in meaning. Use the following scoring rubric:

Score 5: Completely correct or semantically equivalent.

Score 4: Key information is correct, with minor inaccuracies or omissions.

Score 3: Some relevant information, but lacks sufficient correctness or completeness.

Score 2: Mostly incorrect, but shows some relevance to the question.

Score 1: Completely incorrect or nonsensical.

Your response must be a single integer from 1 to 5, with no additional text or explanation.

Figure 20: Prompt used for LLM-assisted scoring of long-form texts, including change descriptions

and rearrangement instructions.
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D.2 Alignment between Human and GPT Evaluation

To validate the validity of the GPT-based evaluation results, we recruited and acknowledged four
human evaluators who are not involved in this project. We selected SCReasoner, LEO, and one-shot
InternVL for human evaluation. SCReasoner and LEO are compared to demonstrate our improve-
ments, while one-shot InternVL represents an open-ended, training-free LLM. For each model, we
randomly selected 40 samples for each QA type (excluding those related to distance) and each long-
form task, resulting in the same 360 samples per model. As shown in the table, SCReasoner consis-
tently outperforms LEO on the 360 sampled instances, with the performance gap further amplified
when evaluated by human scores compared to GPT scores.

Table 9. Human and GPT evaluation results.

Description Rearrangement QA
GPT Human | GPT Human | GPT Human

InternVL 4.0 6.5 3.0 1.5 33.1 36.4
LEO 11.5 14.5 225 19.5 43.3 45.6
SCReasoner | 14.0 20.5 26.0 31.5 48.3 50.9

Model

Following OpenEQA [71], we computed the Spearman correlation between human scores and GPT-
generated scores. The GPT scores show a strong correlation with human evaluation (p > 0.6),
indicating that GPT-based evaluation aligns well with human judgment.

Table 10. Spearman correlation between GPT and human evaluations.

Description Rearrangement QA  Average
Spearman Corr. 0.75 0.70 0.94 0.80
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E Ablation Studies

E.1 Consistent Improvements with Run-to-Run Validation

In the main text, we followed LEO’s setting by fixing the random seed. To better analyze the errors
and demonstrate the performance gain of SCReasoner over LEO, we conducted three additional runs
with different random seeds, resulting in four runs in total. The mean scores and standard deviations
for each task are reported in Tab. 11, showing that SCReasoner consistently outperforms LEO.

Table 11. Results of LEO and SCReasoner (mean = std over 5 seeds).
QA Description Rearrangement

LEO 52.760 £0.511 12.733 £0.117 30.165 £ 0.410
SCReasoner 53.420 £0.232  13.629 £ 0.287  30.753 £ 0.216

E.2 Panorama vs. Multiview Input for 2D MLLMs

Since 2D MLLMs are rarely trained on panoramas and are only weakly exposed to multi-image
understanding, we stitched the four surrounding views with the front view placed at the center to
form a single surround-view image as input to the one-shot InternVL model, in order to assess
the plausibility of using panoramas. As shown in Table 12, the performance difference between
panorama and stitched multi-view inputs is negligible.

Table 12. Comparison of panorama and multi-view inputs for 2D MLLM performance.

Input QA  Description Rearrangement
panorama  35.7 3.8 3.7
multi-view  35.5 3.7 3.5

E.3 Understanding the Underperformance of 2D MLLMs

The short QA results in Tab. 3 can be regarded as a decomposition of the comprehensive under-
standing of dynamic situations and environments. We observe that 2D MLLM performs better than
3D MLLMs in terms of egocentric information with a similar model size, while underperforming
in allocentric reasoning and object property identification. This indicates that although panoramic
views can effectively reconstruct visible areas and convey orientation information [85], they still
suffer from occlusion issues and limited field of view constraints.

To further analyze this limitation, we report results in Tab. 13 for long-form tasks using two 2D
MLLM:s with one-shot CoT prompting, compared against one-shot results without CoT. We prompt
the models to separately analyze the two panoramic views and then compare them based on the
current situation, in order to better capture allocentric information. This strategy yields notable
performance gains for both models, except that Janus remains on par in the rearrangement task,
underscoring the importance of allocentric reasoning. Nevertheless, their performance still lags
behind parameter-efficient fine-tuned counterparts.

Table 13. Effect of chain-of-thought (CoT) prompting on description and rearrangement tasks.

Model Description (wo CoT)  Description (with CoT) Rearrangement (wo CoT) Rearrangement (with CoT)
InternVL 3.8 5.3 3.7 4.9
Janus 2.7 3.6 4.7 4.3

33



	Introduction
	Related Work
	Situat3DChange Dataset
	Data Generation
	Data Statistics and Metrics

	MLLMs for Situated 3D Change Understanding
	Experiments
	Conclusion
	Data Generation
	Situation Sampling
	Long-Form Text Generation
	Query Generation for Long-Form Text
	QA Generation

	Dataset Statistics
	MLLM Paradigms for Situat3DChange
	Evaluation Details
	Prompts for GPT Scoring
	Alignment between Human and GPT Evaluation

	Ablation Studies
	Consistent Improvements with Run-to-Run Validation
	Panorama vs. Multiview Input for 2D MLLMs
	Understanding the Underperformance of 2D MLLMs


