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Abstract

Reasoning segmentation aims to segment target objects in complex scenes based
on human intent and spatial reasoning. While recent multimodal large language
models (MLLMs) have demonstrated impressive 2D image reasoning segmentation,
adapting these capabilities to 3D scenes remains underexplored. In this paper,
we introduce MLLM-For3D, a simple yet effective framework that transfers
knowledge from 2D MLLM:s to 3D scene understanding. Specifically, we utilize
MLLMs to generate multi-view pseudo-segmentation masks and corresponding
text embeddings, then unproject 2D masks into 3D space and align them with the
text embeddings. The primary challenge lies in the absence of 3D context and
spatial consistency across multiple views, causing the model to hallucinate objects
that do not exist and fail to target objects consistently. Training the 3D model with
such irrelevant objects leads to performance degradation. To address this, we first
filter irrelevant views using token attention. With these reliable pseudo-labels, we
develop a token-for-Query approach for multimodal semantic alignment, enabling
consistent identification of the same object across different views. Moreover, we
introduce a spatial consistency strategy to enforce that segmentation masks remain
coherent in the 3D space, effectively capturing the geometry of the scene. Extensive
evaluations of various challenging indoor scene benchmarks demonstrate that,
even without labeled 3D training data, MLLM-For3D outperforms existing 3D
reasoning segmentation methods, effectively interpreting user intent, understanding
3D scenes, and reasoning about spatial relationships.

1 Introduction

Understanding user intent and reasoning about the 3D spatial context are crucial for real-world vision
applications [38},139, 31} 43, [58]], including embodied Al, autonomous driving, and augmented/virtual
reality. Recent advances in 3D scene understanding, particularly in multimodal learning [20} (69} 22}
7, 12111464 |9, [16], have spurred the development of 3D point cloud-based Large Language Models
(3D-LLMs). These methods allow systems to infer implicit goals, localize objects in complex
environments, and interact seamlessly with users. Compared to conventional segmentation, reasoning
segmentation poses a more complex challenge, requiring deeper levels of semantic understanding
and the ability to handle underspecified or context-dependent queries.

The concept of reasoning segmentation was first introduced in the 2D domain by LISA [36]], which
employed the mask-as-embedding paradigm to fine-tune large language models using abundant
(2D, 3D) paired data. Based on its success in 2D domains, initial attempts have been made to adapt
this paradigm to 3D tasks [19} 23| [30]. However, these approaches have the prohibitive cost of
generating high-quality pairs (3D, text), which often involve labor intensive manual annotation or
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Figure 1: For the same scene, we present three different queries and display the 2D reasoning
segmentation results on the same set of frames, illustrating how the model responds to varying
instructions.

computationally expensive synthesizing (e.g., by GPT-4) [1]]. A natural question thus arises: Given a
3D point cloud accompanied by multiple posed RGB views, can we exploit pre-trained 2D reasoning
segmentation models to approximate 3D labels?

Our pilot study illustrates both the promise and the limitations of the idea (Figure[T). We evaluate
the performance of 2D reasoning segmentation models, LISA [36] on the ScanNet++ dataset [64],
by providing the model with different views corresponding to a 3D scene along with an implicit
language instruction. Each frame is processed independently, generating both a reasoning response
and a 2D binary segmentation mask. Ideally, the model should consistently localize the target object
across all frames and infer its spatial relationships (e.g., nearest door) within the scene. However,
as shown in Figure[T] there are two key limitations to the reasoning of 2D models in 3D: (i) False
positives in invisible views: A 2D MLLM processing a single view might hallucinate or mistakenly
segment objects that are described by the instruction but not visible in that particular view. Without
3D awareness, the model cannot distinguish between visible and occluded target objects, leading to
incorrect mask predictions on some views. (ii) Multi-View prediction inconsistency occurs when the
model lacks a mechanism to ensure spatial alignment of predictions across views, thereby degrading
the performance when we aggregate multi-view predictions into 3D.

In this paper, we introduce MLLM-For3D, a simple yet effective framework that transfers 2D
MLLM reasoning capabilities to 3D scene understanding. Specifically, we use a pre-trained MLLM
to generate multi-view pseudo-segmentation masks and corresponding text embeddings. These masks
are then unprojected into 3D space and aligned with the textual information to supervise the learning
of the 3D model, eliminating the need for explicit 3D annotations. To address the critical issue of cross-
view inconsistencies, we incorporate a spatial consistency strategy into the mask generation process,
ensuring that the latent space remains coherent and mitigating object hallucinations. Specifically,
we enforce latent space consistency by aggregating the per-view predictions via an attention-based
fusion module. In this module, for a given 3D point visible in multiple views, the contribution of each
view is weighted by its reliability and semantic similarity to a unified query derived from the [SEG]

token embeddings. Furthermore, we propose a token-for-Query mechanism that consistently binds
the same object identity across different views, enhancing the ability of the 3D model to interpret
implicit user instructions and reason about spatial relationships.

MLLM-For3D is evaluated on three challenging benchmarks and shows that it achieves state-of-the-
art performance in 3D reasoning segmentation tasks even without the need for any 3D annotations,
which achieves about 55% higher mloU than the previous methods. By effectively transferring 2D
MLLM reasoning capabilities to 3D, our framework exhibits strong robustness to ambiguous queries,
improved spatial reasoning, and superior segmentation performance.

The key contributions of our work are summarized as follows.

* We propose a simple, yet effective framework to adapt 2D MLLMs for 3D reasoning
segmentation, eliminating the need for manual 3D annotations.



* We introduce a novel alignment mechanism that binds token embeddings to specific queries,
ensuring consistent segmentation of the same object across views.

* We integrate a spatial consistency strategy to refine multi-view pseudo-segmentation masks,
reducing the presence of hallucinated objects across frames.

 Extensive evaluations of two challenging indoor scene benchmarks demonstrate that MLLM-
For3D outperforms existing 3D reasoning segmentation methods, even without any 3D
labeled training data.

2 Related Works

2.1 Reasoning Segmentation

Reasoning segmentation is first introduced by LISA [36], which integrates a multimodal LLM (e.g.,
LLaVA [40]]) with the Segmentation Anything Model (SAM) [35]] to handle complex and implicit
instructions in 2D images. PixelLM [49] builds on this paradigm by adopting a lightweight decoder
and segmentation codebook for multi-object reasoning segmentation. LLM-Seg [54] uses SAM to
propose candidate masks and allows the LLM to reason which mask fits the query. VISA [61] and
VideoLISA [2]] extend these approaches to video data, addressing temporal coherence and object
tracking. FAST [51]], an agent-based pipeline, further refines segmentation masks by iteratively
identifying and masking key objects. These advancements in 2D [60, 67, 156, 53| 26] demonstrate the
value of combining segmentation with LLM reasoning: models can interpret rich instructions and
produce the corresponding mask, which is not possible with traditional segmentation alone.

In 3D Domains, PARIS3D [33]] and Reasoning3D [8]] focus on part segmentation with explanatory
capabilities for individual objects, leaving scene-level reasoning tasks relatively unexplored. More
recently, SegPoint [19], Reason3D [23]], and MORE3D [30] have adapted the embedding-as-mask
paradigm from LISA, aiming to unify multiple 3D tasks through human-like instructions. In parallel,
Point-Bind and Point-LLM [16] extend 3D understanding to the multi-modal domain by aligning
point clouds with images, language, audio, and video, and further enabling 3D large language
models to follow multi-modal instructions. Despite these advances, such methods typically rely on
large-scale (3D, text) training data or parameter-efficient fine-tuning of LLMs, both of which are
computationally costly. In contrast, our approach alleviates this problem by distilling reasoning
capabilities and semantic knowledge from 2D MLLMs into a 3D model, enabling label-free 3D
reasoning segmentation without any 3D supervision.

2.2 Label-Free 3D Scene Understanding

Open-Vocabulary and Zero-Shot Approaches. To alleviate the annotation burden, several label-free
scene understanding methods [45] 44, 29| 25]] leverage vision foundation models for zero-shot 3D
segmentation. OpenScene [45] employs 2D open vocabulary segmentors [37,|15] to align pixel-level
embeddings with 3D points, allowing object category recognition for unseen classes. CLIP2Scene [6]
employs MaskCLIP [68] to obtain pixel-aligned features for annotation-free and label-efficient
scene understanding. ConceptFusion [28] and CLIP-FO3D [65]] further explore the acquisition of
pixel-aligned knowledge through the extraction of dense region-level features using CLIP [47] and
multi-view feature fusion. PLA [13] proposed a language-driven 3D scene understanding paradigm,
which obtains point-language paired data through image captioning by visual-language foundation
models for training 3D backbones. Similarly, RegionPLC [63]] and Lowis3D [14] build point-caption
pairs by projecting 2D visual-language features onto 3D geometry. Methods like OVIR3D [42] and
MaskClustering [62] merge zero-shot 2D masks with 3D semantics for instance segmentation. Recent
efforts [5)29] also combine different foundation models (e.g., LLaVa-1.5 [40] and SEEM [70]) to
unify zero-shot 2D embeddings and 3D point features, demonstrating strong category expansion in 3D.
In parallel, LERF [34] introduces a 3D language grounding method that distills CLIP embeddings into
NeRF volumes by optimizing a multi-scale language field through volume rendering and enforcing
multi-view consistency.

Label-Free 3D Reasoning Segmentation. While these label-free strategies effectively handle open-
vocabulary classes, their prompts remain relatively straightforward, limiting their ability to interpret
more nuanced or context-heavy queries. In this work, we target implicit user prompts that require
both semantic and spatial comprehension. Our framework, MLLM-For3D, inherits the reasoning
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Figure 2: Overview of the proposed MLLM-For3D framework. We adapt multimodal large language
models (MLLMs) for 3D reasoning segmentation by generating multi-view pseudo-labels and filtering
irrelevant views via token attention. During the training phase, we enforce cross-view consistency
via a spatial consistency strategy and align an unified embeddings q with 3D per-point feature ng
via a multimodal semantic loss, enabling consistent object identity binding across views.

capabilities of 2D MLLM and applies them to 3D without any annotations, making it both scalable
and intuitive in real-world scenarios.

3 Methodology

We propose MLLM-For3D, a label-free framework that adapts a 2D MLLM for 3D reasoning-
based segmentation. As illustrated in Figure[2] a frozen MLLM and a 2D segmentation model are
jointly used to generate multi-view pseudo-labels (2D binary masks M; and associated [SEG] token
embedding e;) from randomly selected posed views. However, not all views capture the queried
object (discussed in Section [T). To address this, we introduce an attention-based view filtering
mechanism to select reliable views. Finally, a 3D segmentation network is trained under pseudo-label
supervision, incorporating both semantic alignment and spatial consistency across views. All 2D
models remain frozen, and only the 3D network parameters are optimized.

3.1 Multi-View Pseudo-Label Generation

MLLM+SAM for Per-View Segmentation. For each 3D scene, we assume a set of posed RGB
images covering the scene, along with a textual query implicitly describing the target object. Previous
multi-view 3D understanding approaches [57,[17,[18]] demonstrate that view selection and aggregation
are crucial for robust 3D perception. Therefore, we randomly select & camera views and feed each
image-text pair into a frozen MLLM to produce a special [SEG] token embedding e; (for the i-th
view), which semantically represents the queried segment in that view. The [SEG] embedding is then
passed to the integrated SAM decoder within LISA to generate a binary mask M; and a confidence
score ¢; (predicted IoU). Repeating this process yields a collection of candidate 2D masks M, each
hypothesizing the object’s location based on 2D MLLM reasoning.

View Filtering via Token Attention. Since not all selected views contain the object, some M; may
be empty or incorrect. To mitigate this, we first discard masks with very low confidence or area and
then compute an attention weight w; to quantify each view’s reliability. Each remaining embedding
e; contributes to a unified query embedding q via attention-weighted fusion. The attention weight
w; reflects both mask confidence and semantic alignment: Formally, we define an attention score
using the similarity of the dot product between e; and q in a shared latent space. Let s; = e; - q
denote the semantic alignment of the prediction of view ¢ with the unified embedding. We then set
w; x «; - max(0, s;) and normalize w; in all views so that ZZ w; = 1. Views with higher semantic
consistency and clearer object visibility receive larger weights, while noisy or occluded views are
effectively suppressed. This token attention mechanism thus reweights each view’s contribution
during 3D fusion, ensuring that only semantically coherent masks dominate the final pseudo-label set.



During fusion, each unprojected 3D mask is scaled by its corresponding token attention weight. The
final prediction is the weighted average of these masks, where weights reflect the semantic confidence
of each view.

While additional input views can provide more context, we observe that naively increasing view count
beyond 4 degrades performance due to occlusions, inconsistent reasoning, and hallucinated [SEG]
tokens from partially visible objects. Our token attention mechanism mitigates this by weighting
each view based on semantic alignment, effectively filtering informative views.

3.2 Training with Pseudo-Labels

With reliable multi-view pseudo-labels, we train a 3D segmentation model that learns to localize the
target object in the point cloud while enforcing cross-view semantic alignment and spatial consistency.
The model encodes per-point feature ng, and only the 3D network and projection layers are trainable.
All 2D components (MLLM + SAM) are frozen and serve solely as feature extractors. We reuse
the SAM decoder within LISA to extract 2D binary masks while separately using LISA’s reasoning
head to obtain [SEG] tokens. This modular design decouples semantic reasoning and geometric

supervision, making the framework compatible with other MLLMs or mask generators.

Multi-modal Semantic Alignment. Inspired by previous works [6} 5], we develop a token-for-Query
mechanism to align multimodal semantics. We first establish point—pixel correspondences such that
for a 3D point p and view 4, if point p projects to pixel (u, v) in the image and that pixel lies inside
the mask (M;(u,v) = 1), then view ¢ votes that point p is part of the target segment. Conversely,
if p is visible in view ¢ but falls outside the mask, that view votes that p is not part of the segment.
After processing all views, each point p accumulates multiple predictions from different views. We
then aggregate these multi-view predictions using the attention weights. Importantly, along with
these binary masks, we also associate each point with multi-modal features: for every view ¢ that
observed point p, we retrieve the vector of features of the image f;B from the SAM encoder in the
corresponding pixel, and we carry the unified embedding q as a semantic token.

To align each 3D point with the unified embedding q, we first map it using a learned linear projection
due to differences in the dimensions of the modality. Let t denote the transformed unified query
embeddings. Next, we compute semantic logits for each paired point taking the dot product between

the transformed embedding and the 3D point features s, = ngT -t and the sample of corresponding

predicted logits from the image-based segmentation predictions 17, ; = M““; Finally, we formulate
the semantic alignment loss (Lyvs) using binary cross-entropy (BCE) to minimize discrepancies
between 3D logits and the sampled 2D predicted logits:

1
7 Y lipilog(a(sy)) + (1 —rity) log(1 = a(sp))], (1)
pAET
where o(-) denotes the sigmoid activation function, and 7 represents the set of all paired points.
This token-for-query-based alignment ensures that the same object (as described by the implicit
text) yields a consistent latent representation across different views. Intuitively, minimizing Lyms
encourages the 3D model to produce consistent latent representations for the target object described
implicitly by the textual query, thereby anchoring the 3D semantic features closely to the unified
semantic embedding across all relevant views.

Lymvs = BCE(sy, i) = —

Spatial Consistency Loss. While Lyvs binds the network to the unified semantic token, we also
enforce spatial consistency between 3D and 2D modalities. For each pseudo-labeled point p, recall
that we have one or more associated image feature vectors f;g from the views detected p. These
features capture the appearance of the object from those viewpoints. We impose the 3D point feature
£3D to be close to the image features of the same point, which encourages the 3D model to agree with
the 2D observations and maintain cross-view coherence. Concretely, we define a spatial consistency

loss using cosine similarity. For each pair (p,¢) (point p visible in view ¢ with feature f;g), we

maximize the cosine similarity cos(fSD’ f;?). Equivalently, we minimize:
1 £3D . §2D
‘Cspalial = — Z 1— % 7 @
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where 7 is the set of all point—view pairs for which point p was labeled as target in view . Minimizing

ﬁspaﬁa] drives f;D and f;g in the same direction. We combine these objectives into the overall training



loss for the 3D network:
Elotal = AcMMS + /\Lspatiala 3

with a balancing coefficient \.

3.3 Inference on 3D Scenes

At inference, the model takes as input a set of multi-view images of an unseen 3D scene and an
implicit user instruction with the point cloud. Following the same pseudo-label generation pipeline,
we compute a unified embedding q from the [SEG] tokens. The 3D model produces per-point features
f;’D , and cosine similarity between f;D and t determines each point’s probability of belonging to the
queried object. Points exceeding a threshold are classified as part of the target, yielding the final 3D
segmentation mask.

4 Experiments

In this section, we present the experimental results for three challenging tasks, focusing on 3D
reasoning segmentation, intention grounding. For the 3D reasoning segmentation task, we adopt
Reason3D [23] (derived from ScanNet [12] and Matterport3D [3]]) and Instruct3D [[19]] (derived from
ScanNet++ v1 [64]) as benchmarks. Due to the limited open-source evaluation datasets in this area,
we try to evaluate our method on similar tasks as 3D intention grounding (3D-IG) [32] and grounding
without object names (VG-w/0-ON), which is an interesting benchmark introduced by [59]. These
two datasets are built on ScanNet [[12], taking advantage of its scene annotations for evaluation. Refer
to Appendix [A] for more about the dataset and implementation details. Following SegPoint [19] and
Reason3D [23]], we evaluate in two stages: (1) Accuracy @kloU (k=0.25/0.5) for target grounding
correctness, and (2) mloU for segmentation quality after successful grounding. This ensures that the
evaluation reflects reasoning ability before mask quality.

4.1 Main Results

3D Reasoning Segmentation. As shown in Table [ MLLM-For3D shows significant gains in 3D
Reasoning Segmentation Precision over Reason3D on the Instruct3D benchmark [19]. Removing
explicit instructions and annotations from Instruct3D makes the task much harder, since models can
no longer rely on direct object names or step-by-step instructions and must infer the user’s intent from
implicit hints. In this setting, MLLM-For3D achieves about 15% higher Acc@0.25 and 10% higher
Acc@0.50 than Reason3D. It also improves the mean IoU by 10 points, indicating more precise mask
predictions. These improvements highlight MLLM-For3D’s stronger reasoning capability: it can
understand complex or implicit instructions to segment the correct 3D regions even when keywords
are missing. In contrast, the Reason3D baseline struggles without explicit instructions, since it was
designed to output masks based on more direct textual descriptions. In general, MLLM-For3D’s
ability to interpret implicit instructions leads to better performance on the 3D reasoning segmentation
task. The "MLLM-based Model (w/ label)" serves as a reference baseline combining multi-view
pseudo-labels and available 3D ground-truth masks. Both supervise the 3D network jointly under a
hybrid training regime, using MinkowskiNet14 [[10] as the backbone.

3D Intention Grounding (3D-IG). 3D Intention Grounding is a novel challenging task, which
requires detecting the object that fulfills an implicit human intention. This setting is quite similar to
what we have defined in the previous Section |1} but still ignores the spatial relations. IntentNet, a
task-specific model, achieves 41.9% AP@0.25 and 25.4% AP@0.50 on this benchmark. MLLM-
For3D surpasses this with 6—7 points higher AP@0.25 and 5 points higher AP@0.50, indicating
that it more reliably identifies the correct object from only the implied intent.

For further comparison, shown in Table[2] our MLLM-For3D is evaluated under two settings: (i) with
labeled 3D-text data (pink rows) and (ii) without labels (yellow rows). Despite the absence of manual
3D annotations in the label-free setting, our model surpasses the specialized IntentNet[32] by a
notable margin. For example, comparing the best label-free variant VideoLISA (MLLM-For3D)
with IntentNet, we observe an improvement of +9.0 points in AP@0.25 (41.90% — 50.89%) and
+16.2 points in AP@0.50 (25.36% — 41.56%). This indicates that a multimodal LLM can better
interpret various intention phrases and incorporate broader world knowledge than a system trained
on fixed detection templates. Meanwhile, Reason3D [23]] remains slightly ahead of our approach.



Table 1: 3D Reasoning Segmentation Results. Comparison across ScanNet, Matterport3D, and
ScanNet++ datasets. The evaluation metrics include accuracy at IoU thresholds 0.25, 0.50, and mean
IoU. § denotes models fine-tuned using the filtered Instruct3D training set for fair comparison. °
denotes a zero-shot experiment. The color gradient indicates different MLLM backbones and training
conditions (w/ label or w/o label) for MLLM-For3D models.

3D Reasoning Segmentation . Reason3D (ScanNet) Reason3D (Matterport3D) Instruct3D (ScanNet++)
Venue Modality

Methods Acc@0.25 Acc@0.50 mloU Acc@0.25 Acc@0.50 mloU Acc@0.25 Acc@0.50 mloU

non-LLM-based Model (w/ label)

TGNN' 24 [AAAD'22] 3D - - - - - - 4.76 4.76 351

3D-STMN' 58 [AAAT24] 3D 2543 17.78 18.23 20.68 10.81 13.47 - - -

Intent3D° [32 [ICLR’25] 3D 29.12 19.26 - 19.70 12.83 - 9.71 3.20 -

Intent3D" [32 [ICLR25] 3D 20.57 19.46 - 13.52 9.42 - 23.30 20.41

LLM-based Model (w/ label)

Segpoint [19 [ECCV’24] 3D - - - - - - 23.7 15.6 172

Reason3D 23] 3DV25 3D 4321 32.10 31.20 31.22 17.43 19.54 18.35 10.55 12.43

MLLM-based Model (w/ label)

LISA-7B (MLLM-For3D) - 3D+2D 45.53 39.54 31.94 38.31 31.46 22.56 45.50 38.70 31.90

LISA-13B (MLLM-For3D) - 3D+2D 47.32 39.92 31.44 39.42 3243 23.20 46.70 39.00 32.30

VideoLISA (MLLM-For3D) - 3D+2D 48.45 41.02 39.82 39.81 29.40 24.97 48.20 40.40 34.50

MLLM-based Model (w/o label)

LISA-7B (MLLM-For3D) - 3D+2D 39.38 31.27 30.19 30.10 22.04 20.71 39.10 29.70 23.90

LISA-13B (MLLM-For3D) - 3D+2D 40.92 33.40 32.10 31.68 23.33 20.78 40.90 30.50 26.40

VideoLISA (MLLM-For3D) - 3D+2D 44.18 34.80 32.90 3341 27.99 22.50 41.00 32.10 28.20

Table 2: Evaluation of 3D Intention Grounding on the Intent3D [32] validation set. The
best results are in bold, and the second-best results are underlined. 1 indicates that we re-trained
Reason3D using the Intent3D training set for a fair comparison on this benchmark. © indicates a
zero-shot setting.

3D Intention Grounding Intent3D (val)

Venue Modality L Backbone
Methods Acc@0.25 Acc@0.50 AP@0.25 AP@0.50 mloU
non-LLM-based Model
BUTD-DETR [27] [ECCV’22] 3D RoBERTa [41] 47.12 24.56 31.05 13.05 -
EDA [59 [CVPR’23] 3D RoBERTa [41 43.11 18.91 14.02 5.00 -
3D-VisTA [69 [ICCV’23] 3D - 42.76 30.37 36.10 19.93 -
IntentNet [32 [ICLR’25] 3D RoBERTa [41 58.34 40.83 41.90 25.36 -
LLM-based Model
Chat-3D-v2° [21 [NIPS24] 3D+2D Vicuna-7B [52 5.86 5.24 0.15 0.13 -
Chat-Scene [21] [NIPS24] 3D+2D Vicuna-7B [52 36.71 3278 323 2.58 -
Reason3D’ [23] [3DV’25] 3D Flan-T5 [11] 61.71 51.68 - - 47.30
MLLM-based Model (w/ label)
LISA-7B (MLLM-For3D) - 3D+2D LLaVA-2 [40] 57.31 47.92 - - 42.98
LISA-13B (MLLM-For3D) - 3D+2D LLaVA-2 401 58.40 48.75 = s 44.13
VideoLISA (MLLM-For3D) - 3D+2D  LLaVA-Phi-3-V [48 59.90 50.01 - - 45.18
MLLM-based Model (w/o label)
LISA-7B (MLLM-For3D) - 3D+2D LLaVA-2 [40 4824 39.61 - - 3453
LISA-13B (MLLM-For3D) - 3D+2D LLaVA-2 [40 49.92 40.10 - - 35.75
VideoLISA (MLLM-For3D) - 3D+2D LLaVA-Phi-3-V [48 50.89 41.56 - - 36.92

We attribute this gap to Reason3D’s mask-as-embedding paradigm, which excels at implicit intent
reasoning by fine-tuning LLM for direct segmentation tokens. However, MLLM-For3D still shows
strong generalization in human intention reasoning, effectively combining detection and segmentation
reasoning in a label-free manner. In contrast, IntentNet is primarily tailored for detection, and
Reason3D focuses on search-plus-segmentation. The multimodal design of our method instead offers
a more balanced approach, achieving second-best results while using no labels.

VG-w/0-ON: Visual Grounding without Object Names In the 3D visual grounding without object
names task, MLLM-For3D achieves state-of-the-art results as shown in Table [3] outperforming
the EDA baseline and others. VG-w/0-ON is a particularly challenging benchmark variant where
the language query describes the spatial relationship of the target object without explicitly naming
it. Conventional 3D referring models struggle here since they typically rely on matching object
names in the query. In fact, we observe a drastic drop in baseline performance: methods such as
ScanRefer [4] and TGNN [24] see their accuracy plunge to nearly chance level (e.g., 10% success)
when object names are missing. Even EDA [59] reaches only 26. 5% Acc@0.25 and 21. 6%
Acc@(.50 when the object names are missing, much lower than in normal queries. MLLM-For3D



Table 3: Evaliation results on VG-w/0-ON (val) evaluated by Acc and mloU.; * auxiliary
mask head. T indicates that we re-trained Reason3D using the ScanRefer[4] training set for a fair
comparison on this benchmark.

Methods Venue Acc@0.251  Acc@0.501 mloU 1
LLM-based Model (w/ label)

ScanRefer [4] [ECCV’20] 10.51 6.20 -
TGNN* [AAAT21] 11.64 9.51 8.13
InstanceRefer [ICCV’21] 13.92 11.47 -
BUTD-DETR [ECCV’22] 11.99 8.95 -
M3DRef-CLIP [66] [ICCV’23] 18.3 14.8 10.29
EDA [59] [CVPR’23] 26.50 21.20 -
Reason3D [23] [3DV’25] 17.64 13.11 13.05
IntentNet [32] [ICLR’25] 28.12 22.63 18.92
MLLM-based Model (w/ label)

LISA-7B (MLLM-For3D)" - 31.88 29.90 28.10
LISA-13B (MLLM-For3D) - 32.52 30.15 29.81
VideoLISA (MLLM-For3D) - 33.12 31.21 30.45
MLLM-based Model (w/o label)

LISA-7B (MLLM-For3D) - 26.49 22.12 21.05
LISA-13B (MLLM-For3D) - 27.31 24.49 23.93
VideoLISA (MLLM-For3D) - 29.50 25.61 24.28
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Figure 3: Visual comparisons of our MLLM-For3D versus a previous state-of-the-art method Rea-
son3D on Intruct3D datasets. For each row, we show the ground-truth rendered scene (left), the
baseline’s prediction, our result, and the textual query. Our method accurately interprets implicit user
instructions and produces coherent 3D masks.

overcomes this limitation by using the descriptive and contextual instructions of the query to infer the
target. It delivers roughly 12—13% higher Acc@0.25 and 8-9% higher Acc@0.50 than EDA on the
VG-w/0-ON benchmark, along with a notable improvement in mloU.

Such results denote that our approach is capable of spatial reasoning by connecting the spatial
relationship to the correct object in space. This contextual reasoning allows it to maintain high
grounding accuracy despite the missing noun, whereas methods like EDA falter because they try to
decompose the sentence and end up misled or unsure without an explicit object name. Using the
abundant semantic information of a 2D MLLM, our method fills the semantic gaps (the missing
object names) with informed guesses and uses the 3D visual input to confirm those guesses. This
results in superior grounding performance under this no-name condition.

4.2 Visual Comparisons

Figure [3| presents qualitative examples comparing our MLLM-For3D framework against a previous
state-of-the-art baseline on 3D reasoning segmentation tasks. Each row shows the ground-truth
rendered scene, the predicted mask from the baseline, our result, and the text query. In the first
example (left two columns), for the instruction *The container designated to hold waste and it is the



Table 4: Ablation study evaluating the effectiveness of each proposed component and view configura-
tion on the Instruct3D and VG-w/0-ON validation sets. Colored values indicate performance gain or
drop compared to baseline (a).

Ablation Target Instruct3D (val) VG-w/0-ON (val)

+Lums A Lspatial
Setting Acc@0.25 Acc@0.50 mloU Acc@0.25  Acc@0.50 mloU
(a) Baseline (LISA-7B) 29.25(1) 25.26(c) 19.751e1) 20.20 ;e 17.24cp) 11.56c1)
(b) w/o Token»for»Query v 33,92(+4_57> 28,53(+3_27> 20493“1_13, 24,50(+4_30> 20470“3_4(,, 19492(+8.36)
(C) w/o Spatial Consistency v 34-53(+5.28> 28.75(.*3.49) 21.02(+1_27) 23.20(.*3.00) 19. 10(+1.86) 18.48(.,.0_92)
(d) #View 2 v v 33-21(+3,96> 26.45(“‘19) 21.30(”_55) 23-04(+2,84> 20.13(+2_39) 18.92(+7_36)
(e) #View 8 v v 39.08(49.83)  29.10:384)  23.504375)  25.22(4502) 22.00(1476)  20.71(19.15)
(f) Full Config (LISA-7B) v v 39101985  29.70(14.44)  23.904.15) 26494620)  22.12(44.88) 21.05(;9.49)
(g) Full Conﬁg (LISA-13B) v v 40.90(” 1.65) 30.50(+5_24> 26.40(+5_(,5, 27.31(+7_] 1) 24.49(+7_25, 23.93(”2_37)

closest to the door’, the baseline incorrectly merges multiple objects or fails to capture the target,
whereas MLLM-For3D precisely identifies only the correct container. In another example (right
columns), given ’If you want to let in natural light and fresh air once the air starts at night, which part
of the room would you open?’, the baseline misses key portions under occlusion, while our approach
segments the relevant object more completely. These comparisons show that our model follows
high-level instructions more faithfully, resolving common failure modes by leveraging LLM-driven
3D reasoning.

4.3 Ablation Studies & Analysis

We conduct extensive experiments to verify the contribution of each component and view design.
The results are shown in Table 4l

(a) 2D Projection Baseline. We first apply a projection-only baseline where 2D masks from LISA are
unprojected to 3D directly, without spatial reasoning. We unproject the multi-view masks generated
by LISA-7B back to the point cloud. This naive approach yields a much lower accuracy, roughly
30% lower mloU than our full 3D method. The projected baseline often produces incomplete or
misaligned segmentations, since each view sees only part of the scene without cross-view consistency
enforcement. This highlights the limited spatial reasoning ability of the existing 2D reasoning
segmentation model.

(b) w/o Token-for-Query. Removing the token-guided semantic alignment leads to false positives.
The model cannot consistently localize the queried object, activating multiple regions per query. With
the token-for-query in place, the model focuses on one target at a time, reducing false positives by
30%. This mechanism ensures that one coherent mask per query and consistent segmentation is
provided, even when multiple queries are issued in one scene.

(c) w/o Spatial Consistency. Disabling this module leads to inconsistent masks and a drop of 2-4%
in segmentation accuracy. Enforcing spatial consistency across views improves performance: By
aligning features in 3D space, the model learns a unified segmentation that is viewpoint-invariant,
resolving ambiguities from single perspectives.

(d-f) View Number Ablation: We evaluate the impact of the number of views (2, 4, and 8) used
during 2D inference. As shown in Table [d] 2 views leads to lower accuracy, as many occluded
or peripheral objects are invisible from sparse views, resulting in incomplete 3D supervision. 8
views slightly improves over 2 views but falls short of the 4-view setup. Although it offers more
contextual information, it also introduces redundant or conflicting signals from occluded perspectives.
In practice, increasing the number of views from 4 to 8 doubles the inference cost without a consistent
performance gain. We empirically found 4 views to balance accuracy and efficiency. Repeating 5
random 4-view configurations on the Instruct3D validation set yielded stable results (Acc@0.25:
39.10+0.61, Acc@0.5: 29.70+0.48, mloU: 23.90+0.52), confirming robustness of our token attention
mechanism to stochastic view sampling.

(f,g) LISA-13B Backbone: We also test a stronger MLLM (13B vs 7B). A larger model improves
reasoning ability and segmentation precision, showing that the architecture is scalable. Our best setup
includes both modules, a balanced number of views, and a LISA-13B backbone.



Additional Comparison with 3D-MLLMs. To further validate the effectiveness of our label-free
design, we additionally compare MLLM-For3D with representative 3D-MLLM pipelines that com-
bine large language models with 3D segmentation backbones, including ChatScene [55} [55] and
Mask3D [50]. As detailed in Appendix [B| even when ChatScene is fine-tuned on Intent3D or
combined with Mask3D for 3D-SAM inference, our zero-shot MLLM-For3D achieves substan-
tially higher accuracy and mloU without any 3D supervision. Specifically, it surpasses fine-tuned
ChatScene+Mask3D by 21.7% Acc@0.25 and 14.9% Acc@0.50 on Intent3D, and outperforms the
zero-shot ChatScene baseline by over 30% Acc@0.25 and 25% Acc@0.50 on Reason3D. These
consistent improvements demonstrate that MLLM-For3D can transfer semantic and reasoning knowl-
edge from 2D MLLMs more effectively than current 3D-MLLM architectures, achieving competitive
or superior performance without costly fine-tuning or labeled 3D data.

5 Conclusion & Limitations

We introduce MLLM-For3D, a novel framework that adapts MLLM for 3D reasoning segmentation
using a label-free paradigm. Our approach tackles challenges such as single-view hallucination and
cross-view inconsistencies by employing an attention-based fusion strategy alongside a token-for-
Query mechanism, enabling coherent multi-view pseudo-label generation without any annotations.
Experiments on three challenging benchmarks reveal that our method achieves SOTA performance
in label-free settings and demonstrates further improvements when 3D labels are made available.
These results confirm the effectiveness of our adaptation strategy and open new avenues for scalable,
language-guided 3D scene understanding. However, the method can be computationally demanding as
it involves multiple inferences of 2D MLLMSs. Future work may explore more efficient architectures,
better uncertainty modeling of pseudo-labels, and broader generalization to complex, real-world 3D
environments.
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A Technical Appendices and Supplementary Material

A.1 Datasets Descriptions

We base our 3D reasoning-segmentation experiments on existing indoor scene benchmarks with
generated language queries. The Reason3D dataset [23]] provides query-conditioned object masks on
ScanNetV2 [12] and Matterport3D [3]]. Each sample in Reason3D is a single-room point cloud paired
with a natural-language query and a binary mask of the target object. We follow the official splits
and statistics: Matterport3D contributes 934 training and 837 validation samples, while ScanNetV2
contributes 405 training and 308 validation samples. These datasets supply (implicit) query—object-ID
supervision for reasoning segmentation.

We use Instruct3D [19]], a harder benchmark derived from the high-fidelity ScanNet++ v1 [64] dataset.
Instruct3D omits explicit object names or step-by-step instructions, requiring models to infer both

14



user intent and spatial relationships from context. The filtered Instruct3D split contains 136 training
scenes and 45 validation scenes, yielding 1,034 and 321 query-answer (QA) pairs, respectively. These
QA pairs consist of implicit queries with spatial relationships and segmentation masks of the referred
objects. Removing direct mentions of object names and requiring spatial cues makes Instruct3D
significantly more challenging.

Finally, we evaluate grounding on two 3D spatial-reasoning datasets built on ScanNet scenes: 3D-1G
(Intent3D) [32] and VG—w/0—-ON [359]. The Intent3D dataset (3D intention grounding) contains
free-form human-intent descriptions paired with target object detections, while VG—w/0—ON ("visual
grounding without object names") contains spatial queries that deliberately omit object names.
Both are constructed atop ScanNet annotations and test the model’s ability to localize objects from
descriptive, context-dependent language.

A.2 Implementation Details

Our 3D segmentation network is implemented using MinkowskiNet14 as the backbone, built on
the PyTorch framework. Throughout training, both the multimodal large language model (MLLM,
specifically LISA-7B) and the Segment-Anything Model (SAM) remain frozen to leverage pre-trained
2D multimodal knowledge, while only the 3D projection model is optimized. Training is performed
on four NVIDIA A100 GPUs (40 GB each).

We summarize key training hyperparameters and configurations used across the ScanNetV2, Mat-
terport3D, and ScanNet++ v1 datasets in Table[5] For optimization, we employ stochastic gradient
descent (SGD) with momentum set to 0.9 and a weight decay of 1 x 10~%. Data augmentations such
as random rotation around the upright axis, random flips on point clouds, and random horizontal flips
and resized crops on images were consistently applied to enhance model generalization.

Table 5: Training configurations across different datasets.

Dataset Backbone Batch Size LR Epochs GPUs Voxel Size Max Sweeps
ScanNetV2 MinkowskiNet14 8 0.10 40 4 0.05 m 1
Matterport3D MinkowskiNet14 4 0.10 40 4 0.05 m 1
ScanNet++ (Instruct3D) MinkowskiNet14 4 0.01 40 4 0.05m 1

Training times vary depending on the complexity and size of the data set, especially the language
number. ScanNetV2 and Matterport3D (Reason3D) typically converges within approximately 20
hours, whereas ScanNet++ v1 (Instruct3D) datasets require roughly 30—40 hours. These configu-
rations were empirically chosen to ensure robust convergence across all datasets. Batch size and
GPUs are configured based on a PyTorch Lightning DataModule, with batch size set by dividing the
total batch size by the number of GPUs (i.e., self .batch_size = config["batch_size"] //
config["num_gpus"])

A.3 Model Architecture

Our model comprises two fused branches: a 3D sparse-CNN branch for processing voxelized scene
data, and a 2D vision-language branch for language-conditioned image segmentation. The 3D
branch is implemented as a UNet-style sparse convolutional network (MinkowskiNet14). All 3D
convolutions use a 3 x 3 x 3 kernel and produce 512-dimensional features per occupied voxel.
Batch-normalization layers (with momentum 0.05) follow each convolution. The network follows
an encoder—decoder ("U-Net") design with skip connections between corresponding scales. During
training, only this 3D branch is updated; the 2D branch parameters remain fixed.

3D Sparse Convolutional Branch. We adopt the Minkowski Engine’s 3D U-Net backbone
("MinkowskiNet14"). Following prior practice in high-dimensional CNNs, all convolutions use
kernel size 3 x 3 x 3, with hyper-cross patterns ("+" indicates 1-D in the third dimension). The
network has multiple down- and up-sampling stages (forming a U-shape) with symmetric skip con-
nections. Each sparse conv layer produces 512 features per voxel (after the final encoder stage), and
we attach a BatchNorm (momentum 0.05) and ReLU nonlinearity to each layer. The output of the 3D
branch is a set of per-voxel features over the scene. These features will be aligned (during training) to
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the projected 2D segmentations. All weights in this 3D branch are learnable, while the 2D branch is
kept frozen.

2D Vision-Language Segmentation Branch. The 2D branch leverages pretrained LISA multimodal
LLMs [36) 2] to perform language-guided image segmentation. We use the publicly released LISA-
7B, LISA-13B, and VideoLISA models as frozen multimodal feature extractors. In all cases, we
operate in single-frame inference mode (treating VideoLISA as an image model), with no temporal
aggregation. The LISA models consist of a CLIP ViT-L/14 vision encoder and a LLaVA-based
language model. The vision encoder extracts dense image features from each input frame, and the
decoder (a lightweight dilated convolutional network) upsamples the mask logits to the original image
resolution. The entire LISA model, including the SAM-style segmentation decoder, remains frozen
during training. To guide the segmentation process, we use LISA’s vocabulary, which includes a
special [SEG] token that acts as a semantic anchor. Given a natural language instruction, we prepend
the [SEG] token to the input prompt. After multimodal processing by the LLM, the model generates
an embedding corresponding to [SEG], denoted . This embedding is projected via a learned linear
transformation to match the dimensionality required by the SAM decoder:

hseg = Wflseg ; 4

where W is a learnable projection matrix.

SAM Decoder. The projected token embedding [SEG] is used to prompt the frozen SAM decoder.
The decoder processes the image features and the token prompt to produce a coarse segmentation
mask. This mask is subsequently refined and upsampled by a lightweight dilated convolutional
decoder, producing the final high-resolution binary segmentation mask.

Frozen Inference We do not modify the architecture or parameters of LISA or SAM. All 2D weights
are frozen, and only the 3D segmentation model is updated during training. This design enables
effective language-conditioned segmentation with no additional finetuning of the 2D backbone,
allowing the 3D model to inherit multimodal reasoning capabilities from LISA through differentiable
pseudo-label projection.

B Additional Comparisons with 3D-MLLM Baselines

In this section, we provide additional quantitative comparisons with existing 3D-MLLM pipelines
that combine large language models with 3D segmentation backbones, such as ChatScene [55, [21]]
and Mask3D [50].

B.1 Evaluation on Intent3D and Reason3D

We evaluate both 3D Intention Grounding and 3D Reasoning Segmentation tasks using the public
validation sets of Intent3D [32] and Reason3D [23]]. For fair comparison, we selected Mask3D [50]
as the 3D-SAM baseline, as it provides a pre-trained checkpoint on the ScanNet validation set and
avoids dataset discrepancies between benchmarks.

For Intent3D, we follow the pipeline of ChatScene [21]], where object ID strings are generated via
a fine-tuned Vicuna-7B model and aligned with Mask3D object proposals to obtain the final 3D
masks. For Reason3D, we evaluate zero-shot reasoning segmentation performance under the same
experimental setup.

1. 3D Intention Grounding on Intent3D

Model Acc@0.25 Acc@0.5 mloU
ChatScene (FT) + Mask3D 36.71 21.50 12.08
Ours (Zero-Shot) 58.40 41.00 26.15

2. 3D Reasoning Segmentation on Reason3D
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Model Acc@0.25 Acc@0.5 mloU

ChatScene (Zero-Shot) + Mask3D 9.23 8.89 1.01
Ours (Zero-Shot) 44.18 34.80 32.90

Overall, our zero-shot pipeline consistently surpasses both fine-tuned 3D-MLLM + 3D-SAM frame-
works on Intent3D and zero-shot settings on Reason3D, demonstrating strong generalization without
any 3D supervision. The inferior performance of existing 3D-MLLMs mainly stems from two factors:
(1) the scarcity of 3D training data for aligning visual features within the LLM embedding space, and
(2) hallucinations and false positives produced by LLM responses. In contrast, MLLM-For3D lever-
ages frozen 2D MLLMs and semantic alignment to achieve superior reasoning-based segmentation
without costly fine-tuning or labeled 3D annotations.
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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]

Justification: The abstract and introduction explicitly state three core contributions: (i)
a label-free framework that transfers 2D MLLM reasoning to 3D, (ii) an attention-based
spatial-consistency strategy that filters noisy multi-view masks, and (iii) a token-for-query
mechanism that aligns language, image, and point-cloud features. All three claims are devel-
oped in the technical sections, formalized in the methodology, and validated experimentally
on Instruct3D, Intent3D, and VG-w/0-ON.

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.

* 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: A dedicated Limitations paragraph is provided in the last section. It explicitly
acknowledges the computational overhead introduced by repeatedly invoking a frozen 2D
MLLM+SAM pipeline for every training epoch,

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 authors
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 approach.
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

address 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.
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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: [NA]

Justification: The paper is primarily empirical and algorithmic; it does not present formal
theorems or proofs.

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 theorems.

* 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 complemented
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 ex-
perimental results of the paper to the extent that it affects the main claims and/or conclusions
of the paper (regardless of whether the code and data are provided or not)?

Answer: [Yes]
Justification: The paper details all components required for reproduction.
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 submis-

sions 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 reproduce
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
authors 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.
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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?

Answer:

Justification: While the code is not publicly released at this stage, the appendix provides
detailed descriptions of the experimental settings, model architecture, training procedure,
and evaluation metrics. These details allow readers to understand and potentially reproduce
the key results. The authors indicate the intention to release code in the future.

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 paper provides comprehensive experimental details, including dataset
splits, training hyperparameters, optimizer settings, and evaluation metrics. While some
configurations are deferred to the appendix, the descriptions are sufficiently detailed to
understand and interpret the reported results. For example, the appendix specifies batch size,
learning rate schedule, optimizer type, and training epochs.

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 appropriate
information about the statistical significance of the experiments?

Answer:

Justification: paper does not report error bars, but follows standard evaluation protocols on
fixed dataset splits with consistent performance gains across multiple baselines. While not
ideal, this is common practice in the 3D scene understanding literature.
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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).

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

It is OK to report 1-sigma error bars, but one should state it. The authors should
preferably report a 2-sigma error bar than state that they have a 96% CI, 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.

8. 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 paper specifies the compute resources used for the experiments, including
GPU type (NVIDIA A100), memory configuration, batch size, and training time per epoch.
These details are provided in the appendix and allow for a reasonable estimation of the total
compute required to reproduce the experiments.

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).

9. 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 study relies solely on publicly available indoor-scene datasets (ScanNet,
ScanNet++, Intent3D), each of which was released with explicit consent for academic
use; no personally identifiable information or sensitive biometric data are involved. All
pretrained models used (LLaVA, SAM, MinkowskiNet) are distributed under permissive
research licenses, and we do not reverse-engineer or expose proprietary weights. The
method does not generate or manipulate human likenesses, nor does it facilitate disallowed
surveillance or discriminatory profiling. We report computational cost and energy usage
(four A100-40 GB GPUs) to promote transparency around environmental impact, and we
release configuration files to encourage efficient replication.

Guidelines:
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» 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).

10. Broader impacts

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

Answer: [NA]

Justification: The current manuscript does not contain an explicit “Broader Impact” or
“Societal Impact” discussion. While Section Limitations addresses computational cost and
dataset scope, it does not articulate possible positive applications (e.g., safer robot navigation,
assistive VR scene understanding) or negative consequences (e.g., privacy risks in indoor
mapping, misuse for unauthorized surveillance).

Guidelines:

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

* 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 specific
groups), privacy considerations, and security considerations.

* 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 mitigation
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).

11. 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: The work does not introduce new large-scale generative models, language
models, or scraped datasets. It relies exclusively on publicly available indoor-scene
datasets (ScanNet, ScanNet++, Intent3D) and pretrained open-source models (LLaVA,
SAM, MinkowskiNet) released under permissive research licenses.

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 requiring
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.
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12.

13.

14.

* 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 external assets employed in this 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.

o 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.

* 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 documentation
provided alongside the assets?

Answer: [NA]

Justification: The work does not release any new datasets, pretrained models, or codebases
beyond minor training scripts that wrap existing open-source libraries.

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 paper
include the full text of instructions given to participants and screenshots, if applicable, as
well as details about compensation (if any)?

Answer: [NA]

Justification: The study does not involve any crowdsourced data collection, user studies,
or other experiments with human subjects. All datasets employed are publicly released
indoor-scene RGB-D datasets collected in prior work under their own ethics approvals.

Guidelines:

* The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.
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16.

* Including this information in the supplemental material is fine, but if the main contribu-
tion 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, curation,
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: [NA]

Justification: No experiments with human subjects were conducted. The work exclusively
uses publicly available indoor-scene datasets collected in prior studies under their own
ethical approvals.

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 equivalent)
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.

* For initial submissions, do not include any information that would break anonymity (if
applicable), such as the institution conducting the review.

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: paper incorporates Multi-modal large language models (MLLMs) as a core
component of the proposed method—for example, by leveraging a pre-trained MLLMs to
interpret textual instructions and generate segmentation-relevant tokens (e.g., [SEG]) to
perform reasoning over 3D scenes. These usages are clearly described in both methodology
section and appendix.

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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