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Figure 1: We propose PAR3D, a unified 3D-MLLM with part-aware representation, together with
ScenePart dataset. Left: ScenePart provides fine-grained object-part annotations and language in-
structions for 3D scenes. Right: PAR3D enables part-aware understanding across question answering,
segmentation, and reasoning, going beyond the object-level understanding of existing 3D-MLLMs.

Abstract

Recent advances in 3D multimodal large language models (3D-MLLMs) have en-
abled unified solutions for 3D scene understanding tasks, including visual question
answering, captioning, and referring segmentation. However, existing 3D-MLLMs
remain largely object-centric, limiting their ability to model fine-grained part struc-
tures that are essential for embodied interaction with 3D environments. In this
work, we present PAR3D, a unified part-aware 3D-MLLM framework that enables
models to understand, reason about, and ground both objects and their parts in 3D
scenes. To enable training and evaluation of part-aware 3D scene understanding,
we introduce ScenePart, a synthetic 3D scene dataset with part-level annotations
and language instructions. We further develop Part-Aware 3D Representation
Learning to enrich 3D visual representations with fine-grained part-level semantics,
and propose Hierarchical Segmentation Query Generation to ground part targets
via hierarchical object—part queries. Extensive experiments show that our method
substantially improves part-level question answering and referring segmentation,
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while also achieving strong performance across object-level vision-language tasks.
Project page: https://atrovast.github.io/PAR3D/.

1 Introduction

Language-guided understanding of 3D environments is a fundamental problem in computer vision
and a key capability for embodied intelligence. Recent 3D multimodal large language models (3D-
MLLMs) have made substantial progress toward this goal by connecting 3D perception modules with
large language models, enabling a unified interface for 3D scene perception and spatial reasoning [35}
64, 24, 23|]. These advances make 3D-MLLMs promising for robotics, augmented reality, and digital
twins, where intelligent systems must interpret complex scenes and respond to language instructions.

However, many real-world interactions require understanding a scene beyond object-level recognition.
An embodied agent may need to grasp the handle of a mug, pull the drawer of a cabinet, sit on
the seat of a chair, or inspect the door of a refrigerator, requiring affordance-aware perception and
manipulation of object parts [38,[19]. Beyond embodied intelligence, similar fine-grained structural
awareness is also useful for controllable 3D content editing and interactive scene manipulation, where
systems may need to select or modify local functional regions rather than entire objects [46, 52].
In these cases, the target of reasoning is not merely an object instance, but a functional component
embedded within an object and situated in a scene. This requires part-aware 3D scene understanding:
the model should recognize object parts as meaningful semantic and functional units, understand
their dependence on host objects and scene context, and localize target parts within host objects.

Part-aware 3D scene understanding exposes a structural mismatch in existing 3D-MLLMs. Most
current approaches are built around an object-centric view of 3D scenes, where objects serve as
the primary units for visual representation [23} 10, 63]], language alignment [21 24} [18], and task
supervision [15} 20, 26]]. A straightforward solution is to extend the object-centric formulation to
object parts as finer-grained targets. Object parts, however, are not simply smaller objects. They
are structured components whose meanings are tied to their host objects and whose functions often
determine how an agent should interact with them. As illustrated in Figure (1] existing 3D-MLLMs
may identify the host object but overlook its functional parts. This object-centric bias manifests
in three key aspects. First, existing 3D datasets [[13} 51} 5] largely lack part-level annotations in
scene context, making it difficult to supervise object—part understanding. Second, existing 3D visual
backbones are typically adapted from object-level scene perception and may not preserve the fine-
grained geometric and semantic cues needed to distinguish object parts [24, [15]. Third, grounding
mechanisms often rely on a single-granularity query formulation, forcing object-level and part-level
targets to share the same query representation and weakening part-aware grounding [[15} 126, [72].

To address these challenges, we propose PAR3D, a part-aware 3D-MLLM framework for unified
object- and part-level understanding in 3D scenes. Instead of treating parts as merely finer-grained
object targets, our framework models them as functional components embedded within objects and
situated in scene context. Concretely, we improve part-aware 3D understanding from three aspects:
data, representation, and grounding. First, we construct ScenePart, a synthetic 3D scene dataset that
places part-annotated objects into realistic indoor scenes and provides object and part masks, object—
part correspondences, and language instructions in scene context. Second, we develop Part-Aware
3D Representation Learning on top of a pretrained 3D foundation encoder, adapting the visual
backbone to capture fine-grained geometric and semantic features of object parts. Third, we introduce
Hierarchical Segmentation Query Generation, which generates decoupled segmentation queries for
object- and part-level targets to support grounding of parts in relation to their host objects. Together,
these designs form a part-aware 3D-MLLM framework that supports diverse 3D vision-language
tasks over both objects and their parts.

In summary, our main contributions are as follows:
* We construct ScenePart, a synthetic scene-level dataset with object and part masks, object—part
correspondences, and language annotations for part-aware 3D-MLLM training and evaluation.

* We propose a part-aware 3D-MLLM framework with Part-Aware 3D Representation Learning and
Hierarchical Segmentation Query Generation, enabling fine-grained understanding in 3D scenes.

» Extensive experiments demonstrate that our framework improves both spatial understanding and
grounding at object and part levels across multiple 3D vision-language tasks.


https://atrovast.github.io/PAR3D/

2 Related Works

2.1 3D Vision-Language Models for 3D Scenes

3D vision-language models connect 3D environments with natural language for tasks such as ground-
ing, description, and question answering. Early studies mainly formulate these tasks with dedicated
benchmarks and specialist models. For example, ScanRefer [7]] and Referlt3D [1] study language-
guided object grounding in 3D scenes, Scan2Cap [11]] addresses dense caption generation, and
ScanQA [2]] and SQA3D [34] introduce question answering over 3D environments. Beyond these
task-specific formulations, subsequent specialist models further improve 3D-language modeling
through representation pretraining, stronger cross-modal fusion, and joint modeling across related
tasks [[73) 112, |8 56]. In parallel, recent efforts on semantic-aware neural scene representations,
including NeRF- and 3DGS-based methods, also explore how to embed semantic, language, or
open-vocabulary information into continuous 3D representations [43, 145, [14} 27, 1441154} 55]]. These
methods establish important foundations for 3D language understanding.

With the development of large language models, recent 3D-MLLMs extend language-grounded 3D
perception toward instruction following and open-ended reasoning. These methods connect LLMs
with 3D scenes through rendered multi-view images, object token representations, or direct point-
cloud features [21} 72, 1231160} 48\ 142} 1251 169]. Recent unified frameworks further support multiple
3D vision-language tasks within a single model [9} [71 [15| [26]]. Despite their growing generality,
these methods still largely rely on object-level supervision and use objects as the primary units for
visual representation, language alignment, and grounding. As a result, they lack explicit modeling of
object—part hierarchy and remain limited in fine-grained part-aware understanding in 3D scenes.

2.2 3D Part Perception

3D part perception aims to identify semantically meaningful components of individual 3D objects.
Early works mainly study supervised part segmentation on such objects, using part-annotated datasets
such as ShapeNetPart [6} 62] and PartNet [37]. Classic supervised methods [41} 28, 140} 68|, 157]
learn point-level representations to predict predefined part categories on single-object point clouds.
Recent studies improve scalable 3D part segmentation by lifting 2D foundation-model predictions
to 3D [[70L 61], distilling 2D vision-language priors into 3D representations [49], and constructing
large-scale 3D part supervision [36} 33]]. These efforts enable promptable, open-set, or text-aligned
part decomposition for 3D objects. Interaction-oriented studies in embodied AT [59 38, [19, 53]
further explore object parts for affordance reasoning, articulation modeling, and manipulation.

Despite these advances, existing approaches mainly focus on part segmentation or decomposition of
individual 3D objects, leaving part-aware understanding in complete 3D scenes underexplored. In
contrast, our work studies object parts in complete 3D scenes, where parts need to be understood in
relation to their host objects and scene context. We incorporate part-level supervision into a unified
3D-MLLM for fine-grained reasoning and grounding.

3 Method

We present PAR3D, a part-aware unified 3D-MLLM framework for multiple 3D vision-language
tasks over objects and parts. Given a colored point cloud X € R*6 and a language instruction, the
model generates either a textual response or segmentation masks for referred objects or parts. Our
framework supports part-aware 3D understanding through three components: the proposed dataset
ScenePart provides scene-level part supervision, Part-Aware 3D Representation Learning adapts
3D visual backbone to better capture fine-grained features, and Hierarchical Segmentation Query
Generation produces granularity-aware grounding tokens for object- and part-level mask prediction.

3.1 Preliminary: 3D-LLaVA

Our framework builds on 3D-LLaVA [15], a 3D-MLLM that unifies language-based 3D scene
understanding and referring segmentation. Given a point cloud X, a 3D encoder £ extracts point-level
features and aggregates them into superpoint-level features:

F. = Pool(£(X)), ()
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Figure 2: ScenePart Data Construction Pipeline. ScenePart composes part-annotated 3D objects
into synthesized indoor layouts, producing object- and part-level mask annotations in 3D scenes and
multi-task language instructions for training and evaluating part-aware 3D-MLLMs.

where Pool(-) denotes superpoint pooling, and F. consists of M encoder features {f¢}; over
superpoints. A query decoder D further refines the superpoint features, using F. as both the visual
input queries and their key-value features:

Fq=D(F.,F.), @

where F; consists of refined features {f?} 1, over the same superpoints. An MLP projector P(-)
maps the decoder features into the LLM embedding space:

V =P(F,), 3)
where V denotes the 3D visual tokens provided to the LLM.

To enable referring segmentation, 3D-LLaVA uses a special token [SEG]. Its hidden state serves as a
mask query and is decoded with the 3D visual features to predict a target mask over superpoints. While
effective for object-level 3D scene understanding, this framework remains limited in capturing fine-
grained part-aware semantics. We extend this framework toward part-aware 3D scene understanding
by improving its visual representation and segmentation query design.

3.2 ScenePart Dataset

Scene-level part supervision is largely missing in existing 3D vision-language data. Indoor scene
datasets provide realistic object-level annotations [13} |51} 5] and language tasks [7, 2} [11} 134} 165,
while part-annotated datasets mainly focus on isolated objects [37, 132} 129, 47]]. To support part-aware
3D-MLLM training, we construct ScenePart, a synthetic 3D scene dataset that places part-annotated
objects into indoor scenes and provides object- and part-level supervision in scene context.

Each ScenePart scene is represented as a colored point cloud with object masks, part masks, and
object—part correspondences that associate each part instance with its host object. We also provide
object descriptions and construct a scene graph that records spatial relationships among objects. In
total, ScenePart contains 800 scenes with 21K object masks, 44K part masks, and 273K language-task
annotations. Based on these annotations, we build ScenePart-200K as the training set, which contains
both visual question answering and referring segmentation instructions. For evaluation, we further
construct two test splits: ScenePart-QA evaluates part-aware 3D question answering with diverse
question types, while ScenePart-Seg evaluates referring segmentation across objects and parts at
different granularities. In our framework, ScenePart supports both representation adaptation with
dense object and part masks, and instruction tuning with language-task annotations.

We construct ScenePart in four steps, as illustrated in Figure 2] First, we preprocess part-annotated
3D assets from 3D-CoMPaT [29] i47] by filtering object models and normalizing their sizes. We
use Qwen3-VL-8B [3]] to estimate object scales and generate object descriptions that are later used
for language annotation. Second, we generate indoor layouts using MiDiffusion [22]] on floor plans
from 3D-FRONT [16]], obtaining furniture placements with category, position, orientation, and scale.
Third, we instantiate these placements with the preprocessed assets and sample them into point-cloud
scenes, where object masks cover the inserted object instances, and part masks are inherited from their
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Figure 3: Overall Framework of PAR3D. PAR3D is trained with a two-stage scheme. Stage 1
adapts the 3D visual backbone with object- and part-level supervision through instance segmentation,
part-aware contrastive learning, and representation-preserving regularization. Stage 2 performs
instruction tuning on the MLLM using 3D vision-language instruction data. PAR3D generates textual
responses and object or part masks through hierarchical grounding tokens [OBJ] and [PART].

internal part annotations. Finally, we generate language-task annotations from object descriptions,
part semantics, object—part correspondences, and scene-graph relations. We use template-based rules
for controllability and LLM-based refinement for linguistic diversity.

3.3 Part-Aware 3D Representation Learning

Part-aware 3D understanding requires a visual backbone that can capture both scene-level semantics
and fine-grained part geometry. Existing 3D-MLLMs commonly rely on 3D encoders or visual back-
bones adapted from object-level scene understanding, which provide strong object-level perception
but offer limited support for fine-grained part representation. To obtain a more general 3D representa-
tion, we instantiate the 3D encoder £ with a pretrained Point Transformer model [57, 58}, 1661 [67]. This
encoder provides rich geometric and semantic priors, offering a strong foundation for fine-grained
recognition in 3D scenes.

In our unified 3D-MLLM, the visual backbone consists of a frozen pretrained encoder £ and a
trainable query decoder D. The decoder produces features F';, which are used for constructing visual
tokens. A strong encoder alone does not guarantee effective representations for the LLM, as the
decoder adapts the features to the model’s downstream tasks. During visual backbone training, we
observe that the adapted decoder features can become biased toward mask prediction, potentially
deviating from the semantic structure encoded by the frozen encoder. To address this, we introduce
two regularization objectives for visual backbone training: Part-aware contrastive learning leverages
ScenePart annotations to enhance part-level separability in F;, while representation-preserving
self-distillation aligns the adapted decoder features with the pretrained encoder features.

Part-aware contrastive learning. Given a ScenePart scene, we apply contrastive learning to the
decoder features F; at the superpoint level, compacting features within the same part while separating
features from different parts. Let Sy, denote the superpoint indices covered by the k-th part mask. For
an anchor feature f, P (i) contains decoder features of other superpoints in the same part mask, and
N (i) contains decoder features of superpoints in different part masks. The part-aware contrastive
loss follows an InfoNCE objective:

Lpel = — Zlog

Zjep(z') exp(sim(f¢, fjd)/T)
ZjEP(i)UN(i) exp(sim(ff, fjd)/T) ’
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where 7 is the temperature and sim(-, -) denotes cosine similarity. This objective improves intra-part
feature consistency and strengthens the separability of different part regions.

Representation-preserving self-distillation. While part-aware contrastive learning introduces
fine-grained supervision, visual backbone adaptation may shift F'; toward task-specific segmentation
representations and weaken the general 3D semantics provided by the pretrained encoder. To control
this shift, we use the frozen encoder features F'. as semantic anchors for the decoder features F ;.

Specifically, for each superpoint, we encourage the decoder feature to remain close to its correspond-
ing encoder feature in the normalized feature space:

M
1 Z . e
[:rep =1- M =1 i (fid78g(fi >) ’ (5)

where M is the number of superpoints and sg(-) denotes the stop-gradient operation. This objective
regularizes the visual backbone adaptation by preserving the semantic structure of the pretrained
encoder and reducing the task-specific drift of F.

3.4 Hierarchical Segmentation Query Generation

Part-aware grounding requires the language model to generate grounding tokens for targets at
different granularities, ranging from whole objects to object parts. However, existing 3D-MLLMs
with referring segmentation commonly use a single grounding token [SEG] to represent referred
targets of all granularities [15)26]. As a result, object-level and part-level targets are represented by
the same type of query, which can cause granularity conflicts and weaken fine-grained part grounding.
Moreover, part-level grounding requires object-part context, as a part is defined with respect to its
host object rather than as an independent region.

We introduce Hierarchical Segmentation Query Generation to reduce this granularity conflict and
expose object—part structure in the language-to-grounding interface. Instead of using one generic
grounding token for all targets, the LLM generates granularity-aware grounding tokens. For object-
level grounding, it generates an object token [OBJ] to represent the referred object. For part-level
grounding, it generates [OBJ] followed by [PART], so that host object and target part are represented
by separate grounding tokens while remaining coupled in the same language context.

Let h,pj and hy,,,, denote the hidden states of [OBJ] and [PART], respectively. We project these
hidden states into segmentation queries with a lightweight MLP ¢(-):

Sobj = ¢(hobj)7 Spart = ¢(hpart)7 (6)

We reuse the same query decoder D for mask decoding. Specifically, the derived segmentation queries
are decoded with the encoder features F. as key-value features. The decoder predicts superpoint-level
masks, which are further mapped back to point-level masks:

Ihobj - D(Soij Fe)7 rilpart = D(Spartv Fe)~ (7)

During instruction tuning, we supervise the response format according to the target granularity.
Object-level referring expressions are trained to generate [OBJ] and predict the corresponding object
mask. Part-level referring expressions are trained to generate both [OBJ] and [PART], with mask
supervision on the host object and the target part. This joint token and mask supervision encourages
the model to preserve object—part structure in its generated grounding tokens and derived segmentation
queries while maintaining a unified grounding interface for both object-level and part-level tasks.

3.5 Training Strategy

We train the model in two stages, as illustrated in Figure[3| The first stage performs part-aware 3D
backbone pretraining, where the query decoder is adapted with object- and part-level supervision
while the pretrained point encoder remains frozen. The second stage conducts instruction tuning,
where the visual backbone is frozen and the projector and LLM are optimized to support multiple 3D
vision-language tasks over objects and their parts.



Table 1: Quantitative Comparison on Object-Level Benchmarks. We compare state-of-the-art
methods across 3D referring segmentation, question answering, and dense captioning. The best and
second-best results are highlighted in bold and underlined, respectively.

Methods ScanRefer (val) Multi3DRefer (val) ScanQA (val) SQA3D (test) Scan2Cap (val)

mloU? mloU?T Ct B4t Mt R-Lt EMt EM-Rt C@0.517 B-4@0.57 M@0.51 R-L@0.5%
Specialist Models:
ScanQA[2 - - 649 101 131 333 466 - - - - -
3D-VisTA[73 - - 69.6 104 139 457 485 - 61.6 34.1 26.8 55.0
Scan2Cap[11] - - - - - - 41.0 - 39.1 233 22.0 44.8
UniT3D[12 - - 46.7 272 219 46.0
Vote2Cap-DETR [8 - - 61.8 345 26.2 54.4
M3DRef-CLIP [65 35.7 32.6 - - - -
3D-STMN [36. 395 -
Finetuned 3D-MLLMs:
3D-LLM [21] - - 694 120 145 357 -
Scene-LLM [18] - - 80.0 120 168 40.0 542 - - - - -
LL3DA [9 - - 768 135 159 373 - - 65.2 36.8 26.0 55.1
SegPoint [20 41.7 36.1 - - - - - - - - -
Generalist 3D-MLLMs:
LEO [24 - - 101.4 132 200 492 500 524 724 38.2 279 58.1
Scene-LLM [18 - - 80.0 11.7 158 359 536 - - - - -
Reason3D [26 42.0 - 735 121 151 374 - - - - - -
Chat-Scene [23] - - 877 143 180 416 54.6 575 77.2 36.4 28.0 58.1
Grounded 3D-LLM (10 - - 727 134 - - - - 70.6 355 - -
3DGraphLLM [63] - - 888 159 - - 55.9 - 81.0 36.5 - -
3D-LLaVA [15 43.3 427 92.6 171 184 431 545 56.6 78.8 36.9 27.1 57.7
PAR3D (ours) 49.9 534 957 159 189 450 546 573 814 373 275 579

Stage 1: part-aware 3D backbone pretraining. In the first stage, we train the query decoder D
while keeping the pretrained point encoder £ frozen. This stage uses two types of 3D supervision from
ScanNet and ScenePart. On ScanNet, we train the query decoder with the 3D instance segmentation
objective, which maintains its object-level mask prediction ability:

£inst = £cls + Emask- (8)

Here, L5 supervises instance category prediction, and L,,5x supervises the predicted instance
masks. On ScenePart, we use the part-level annotations to apply the part-aware contrastive loss
Ly introduced in Section @ In addition, for all training scenes in this stage, we apply the
representation-preserving loss L.,. The overall objective for stage 1 is:

Lstagel = Einst + /\pclﬁpcl + Arepﬁrepa (9)

where A1 and A, balance the auxiliary objectives.

Stage 2: instruction tuning. In the second stage, we freeze the 3D visual backbone and train the
projector P and the segmentation MLP ¢ together with the LLM using LoRA. We combine existing
3D language understanding datasets with our ScenePart-200K to construct the instruction-tuning data.
The existing datasets include ScanRefer [7]], Nr3D [1], Multi3DRefer [65]], ScanQA [2], SQA3D [34]],
and Scan2Cap [11]], covering object-level referring segmentation, question answering, and captioning.
ScenePart further introduces part-aware question answering and referring segmentation instructions.

For language-only tasks, we optimize the standard autoregressive text loss Licyt. For grounding
tasks, the model is supervised to generate the corresponding grounding tokens and predict masks.
Object-level referring expressions generate [OBJ] and are supervised with object mask annotations,
while part-level referring expressions generate both [OBJ] and [PART] and are supervised with the
host object mask and the target-part mask. We denote the corresponding grounding supervision as
Lmask- The stage 2 objective is:

EstagcQ = »thxt + /\mask»cmaska (10)

where the mask loss term is omitted for tasks without grounding supervision.

4 Experiments

4.1 Implementation Details

The LLM backbone of our work is LLaVA-1.5-7B [31], following the setting of 3D-LLaVA [15].
Specifically, the original 3D encoder is replaced with the pretrained Utonia encoder [67]. The training
proceeds in two stages. In Stage 1, the visual backbone is trained on ScanNet200 [[13] and ScenePart



Table 2: Quantitative Comparison on the ScenePart Benchmark. We compare PAR3D with
representative 3D-MLLMs on ScenePart-Seg and ScenePart-QA, covering referring segmentation at
different granularities and visual question answering. The best results are highlighted in bold.

ScenePart-Seg ScenePart-QA
Methods Object Coarse-Part Fine-Part All Ct B4t Mt RLt
mloUT  Acc@0.5t mloUT Acc@0.5t mloUT Acc@0.5t1 mloUt Acc@0.51
3D-LLaVA [15] 29.0 239 9.0 34 42 1.0 11.1 6.6 396 0.1 100 321
Reason3D [26] 25.5 13.8 74 23 39 0.8 9.6 4.0 - - -
3D-LLaVA +ScenePart ~ 78.4 833 52.8 55.7 37.6 374 51.8 53.9 1772 456 437 80.6
PAR3D (ours) 89.6 91.5 60.9 66.0 46.0 47.1 60.7 63.5 191.1 61.7 469 82.1

for 256 epochs using AdamW with an initial learning rate of 3 x 10~* and polynomial decay. In
Stage 2, we perform LoRA-based instruction tuning for 2 epochs on the instruction datasets described
in Sec.[3.5] keeping the main LLM parameters frozen and optimizing the projector MLP and LoRA
parameters with AdamW, using an initial learning rate of 2 x 10~ and a cosine annealing schedule.
All experiments are conducted on 4 NVIDIA A100 GPUs with 40GB memory.

4.2 Datasets and Metrics

Datasets. We evaluate our method on the proposed ScenePart test splits and several 3D vision-
language benchmarks. For part-aware evaluation, we use ScenePart-Seg and ScenePart-QA introduced
in Section[3.2] ScenePart-Seg evaluates referring segmentation over objects and parts at different
granularities. ScenePart-QA evaluates part-aware 3D question answering with diverse question
types involving part semantics, part counting, spatial relations, and object—part associations. To
examine object-level performance, we also report results on ScanRefer [[7]] and Multi3DRefer [[65]]
for object-level referring segmentation, ScanQA [2] and SQA3D [34] for 3D question answering,
and Scan2Cap [L1] for dense caption generation. These benchmarks are based on ScanNet scenes
and have been widely adopted in previous works.

Metrics. For referring segmentation tasks, we report mean Intersection-over-Union (mloU) between
predicted and ground-truth masks. On ScenePart-Seg, we further report Acc@0.5, i.e., the percentage
of predictions with IoU above 50%, and present results separately for object, coarse-part, and fine-part
targets. For open-ended language-generation tasks, including question answering and captioning,
we report CIDEr, BLEU-4, METEOR, and ROUGE-L following standard evaluation protocols,
abbreviated as C, B-4, M, and R-L in the tables. For SQA3D, which follows a definite-answer setting,
we report exact-match accuracy (EM) and refined exact-match accuracy (EM-R) following common
evaluation practice. Higher values indicate better performance for all metrics.

4.3 Comparison with State-of-the-Art Methods

We compare PAR3D with existing state-of-the-art approaches across multiple 3D vision-language
tasks, covering both object-level and part-level evaluation. The compared methods are grouped into
three categories. Specialist models are task-specific methods designed for a particular benchmark or
a narrow set of closely related tasks. Most of them do not rely on LLMS. Finetuned 3D-MLLMs are
adapted to each dataset or task through task-specific finetuning and often achieve strong in-domain
performance. Generalist 3D-MLLMs are trained once on a diverse collection of 3D vision-language
tasks and then evaluated across multiple datasets without task-specific finetuning. PAR3D falls into
the generalist category and further extends generalist 3D-MLLMs with part-awareness.

Object-level evaluation. Table[T]compares different methods on object-level benchmarks, including
3D referring segmentation, question answering, and dense captioning. Overall, PAR3D achieves
strong performance across the three groups of compared methods while operating as a generalist
3D-MLLM. For 3D referring segmentation, PAR3D achieves new state-of-the-art results among
3D-MLLMs on both ScanRefer and Multi3DRefer, outperforming the previous best generalist model,
3D-LLaVA, by absolute gains of 6.6% and 10.7%, respectively. For language-generation tasks,
PAR3D also shows strong performance across question answering and dense captioning. On SQA3D,
ScanQA, and Scan2Cap, it achieves competitive performance across most evaluated metrics among
all compared methods. LEO [24]’s ScanQA results are marked in gray and excluded from the main
comparison, as they are obtained under a different setting with access to question-related ground-



truth objects. These results demonstrate that the proposed framework improves object-level scene
understanding as well, further strengthening the unified multi-task capability of 3D-MLLM:s.

Part-level evaluation. Since existing benchmarks do not evaluate part-aware 3D scene understand-
ing, we conduct part-aware evaluation on the proposed ScenePart test datasets, as shown in Table 2]
We compare PAR3D with representative 3D-MLLMs that support referring segmentation, including
3D-LLaVA and Reason3D. Reason3D is evaluated only on ScenePart-Seg, as its released model
focuses on segmentation and does not support open-ended textual answering for QA tasks. We also
train 3D-LLaVA with ScenePart-200K as a stronger baseline to separate the effect of ScenePart
supervision from our model design. For ScenePart-Seg, we report mloU and Acc@0.5 at multiple
granularities, including object-level targets, coarse parts (e.g., door of a refrigerator), fine-grained
parts (e.g., handle of a refrigerator), together with the overall result. For ScenePart-QA, we report
standard language-generation metrics. Across these settings, PAR3D consistently outperforms repre-
sentative 3D-MLLMs, demonstrating stronger part-aware 3D scene understanding. Notably, training
3D-LLaVA with ScenePart-200K improves its part-aware performance, indicating that ScenePart
provides effective supervision. Nevertheless, PAR3D further improves over this data-enhanced
baseline, showing the benefit of the proposed part-aware model design.

Qualitative results. Figure [ presents representative examples on real ScanNet scenes with part-
aware instructions for referring segmentation and visual question answering. Although part-level
supervision is only provided by our synthetic ScenePart dataset during training, PAR3D can generalize
to real-world 3D scans. In segmentation, blue and red masks indicate object- and part-level predictions,
respectively. PAR3D predicts fine-grained part masks with host-object context, while 3D-LLaVA
often produces coarser object masks or misses the referred part. In part-aware question answering,
PAR3D correctly answers a part-aware counting question by recognizing object components such as
pillow and bucket handle. These examples qualitatively demonstrate PAR3D’s ability to handle fine-
grained object-part understanding across referring segmentation and question answering. Additional
qualitative comparisons are provided in Appendix

(a) Referring Segmentation (b) Visual Question Answering
3D-LLaVA Input Scene

Language Instruction Input Scene PAR3D (Ours)

(
| <5
User: Find the =
brown pillow of
the bed.
= = '

User: Locate
where | can grasp
the blue bucket
to pick it up.

User: How many chairs in this
room have armrests on them?

GT:6. | (Outof13)

PAR3D: 6. 3D-LLaVA: 3.

Figure 4: Qualitative Examples of PAR3D. We present examples on (a) referring segmentation and
(b) visual question answering for part-aware 3D scene understanding.

4.4 Ablation Studies

We conduct ablation studies to analyze the contribution of each component in our framework.
Since our main designs focus on visual representation learning and hierarchical segmentation query
generation, we report mloU on ScenePart-Seg and ScanRefer to evaluate part- and object-level
grounding. As shown in Table[3] training 3D-LLaVA with ScenePart-200K improves ScenePart-Seg
mloU from 11.1% to 51.8%, highlighting the importance of ScenePart supervision for part-aware
learning. The improvement on ScanRefer indicates that incorporating ScenePart does not harm
object-level grounding. Beyond data supervision, part-aware 3D representation learning further
improves both benchmarks. The pretrained 3D encoder provides a stronger visual foundation, while
the representation-preserving loss and part-aware contrastive loss further adapt the features for fine-
grained representations. Finally, hierarchical segmentation query generation achieves the best results
on both ScenePart-Seg and ScanRefer, demonstrating that using separate yet coupled segmentation
queries for objects and parts benefits fine-grained part grounding as well as object-level grounding.



Table 3: Ablation Studies on Referring Segmentation. We evaluate the contribution of each com-
ponent on ScenePart-Seg and ScanRefer, covering part-aware and object-level referring segmentation.
The best results are highlighted in bold.

ScenePart-Seg ScanRefer

Methods mloUt mloUt
3D-LLaVA (baseline) 11.1 433
+ ScenePart Data 51.8 44.4
+ Pretrained 3D Encoder 54.9 474

+ Representation-Preserving Loss 58.7 49.1

+ Part-Aware Contrastive Loss 59.4 49.2
+ Hierarchical Segmentation Query 60.7 49.9

5 Conclusion

We introduce PAR3D, a unified 3D-MLLM with part-aware representation for fine-grained 3D
scene understanding. To extend 3D understanding beyond object level, we construct ScenePart, a
synthetic scene-level dataset with object and part masks, object—part correspondences, and language
instructions. Building on ScenePart, we develop part-aware 3D representation learning to improve
fine-grained part representations, and introduce hierarchical segmentation query generation to ground
part targets via hierarchical queries. Experiments on ScenePart and standard 3D vision-language
benchmarks show that PAR3D substantially improves part-aware question answering and segmenta-
tion while maintaining strong object-level performance. We hope this work encourages future unified
3D-MLLMs toward fine-grained perception, reasoning, and grounding over objects and their parts.

Limitations Although PAR3D improves part-aware 3D scene understanding, several limitations
remain. ScenePart provides object- and part-level supervision through synthesized indoor scenes,
but may still have a domain gap from real-world 3D scans and is limited by the source object and
part categories. Future work may extend PAR3D to real-scene annotations, open-vocabulary part
categories, and embodied scenarios requiring more complex object-part reasoning and interaction.
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A Evaluation Metrics

We evaluate PAR3D with existing approaches on referring segmentation, visual question answering,
and dense captioning tasks. Since these tasks involve different output formats, we adopt task-specific
evaluation metrics following prior 3D scene-language benchmarks.

Referring segmentation metrics. For referring segmentation, including ScenePart-Seg, Scan-
Refer [7]], and Multi3DRefer [[65]], we evaluate the overlap between the predicted mask and the
ground-truth mask using intersection-over-union (IoU). For ScenePart-Seg, we additionally report
Acc@(.5, which measures the percentage of samples whose predicted mask achieves an IoU greater
than 50% with the ground-truth mask.

Question answering metrics. For visual question answering, we follow the common evaluation
protocols of the benchmarks in the 3D-MLLM literature. For ScenePart-QA and ScanQA [2], we
report CIDEr [50], METEOR [4], ROUGE-L [30], and BLEU-4 [39]. CIDEr measures consensus
between generated answers and reference answers using weighted n-gram similarity. METEOR
evaluates text similarity through word alignments based on exact, stem, synonym, and paraphrase
matches. ROUGE-L measures similarity based on the longest common subsequence while BLEU-4
evaluates modified n-gram precision up to 4-grams. For SQA3D [34], we report EM and EM-R [24].
EM measures the percentage of predictions that exactly match the ground-truth answers, while EM-R
follows a refined exact-match protocol that performs more flexible answer matching.

Dense captioning metrics. For dense captioning on Scan2Cap [11], we report CIDEr, METEOR,
ROUGE-L, and BLEU-4 with the IoU threshold of 0.5, denoted as CIDEr@0.5, METEOR @0.5,
ROUGE-L@0.5, and BLEU-4@0.5. The suffix @0.5 indicates that the captioning score is counted
only when the predicted object region matches the ground-truth object with IoU above 50%. These
metrics jointly evaluate whether the model can both localize the target object and generate a caption
that matches the reference descriptions.

B Details on ScenePart Dataset Construction

ScenePart is constructed to provide scene-level supervision for object parts, which is largely absent
from existing 3D scene-language datasets. It integrates part-annotated objects into synthesized
indoor scenes and provides object masks, part masks, object—part correspondences, scene graphs,
and language-task annotations. The construction of ScenePart proceeds in four steps, following the
pipeline illustrated in Fig. 2]

First, we preprocess part-annotated 3D assets from 3D-CoMPaT [29,47]]. We filter object models
according to category compatibility and annotation quality, normalize their geometry, and preserve
their part labels and object—part correspondences. We also use Qwen3-VL-8B [3] to estimate object
scales, which are used to match and instantiate assets for the room layouts, and to generate object
descriptions, which support downstream language-task annotation.

Second, we generate indoor layouts using MiDiffusion [22], a diffusion-based scene synthesis model
trained on 3D-FRONT [16]]. Given a floor plan, MiDiffusion predicts furniture placements, where
each placement specifies the object category, spatial position, orientation, and scale. We use floor
plans from 3D-FRONT to obtain diverse scene-level spatial configurations.

Third, we instantiate the generated layouts with the preprocessed 3D assets and sample them into
complete point-cloud scenes. For each furniture placement, we retrieve a compatible object model
according to its category and geometry. For categories where part-annotated assets are unavailable, we
use 3D-FUTURE [[17] models to preserve scene completeness. During layout instantiation, we further
perform category-aware augmentation by manually inserting and placing additional compatible
objects to enrich scene diversity and part-category coverage. These objects are selected from the
preprocessed asset pool according to room type, object scale and spatial compatibility, and are placed
in plausible locations under collision constraints. Object-level masks are inherited from individual
object instances, while part-level masks are preserved only from 3D-CoMPaT models with part
annotations and maintained together with their corresponding host object masks. We further construct
a scene graph from the spatial relationships among objects, which provides structured scene context
for annotation generation.
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Finally, we generate language-task annotations from the synthesized scenes. For referring seg-
mentation, we create expressions that refer to either whole objects or object parts and provide the
corresponding object or part masks as supervision. For visual question answering, we generate
questions based on object descriptions, part semantics, object—part correspondences, and spatial
relationships derived from the scene graph. We first use template-based rules to ensure correctness and
controllability, and then apply LLM-based refinement to improve linguistic diversity and naturalness.

Overall, this process yields complete scene-level annotations that jointly support object-level and
part-level supervision. In addition to object masks and part masks, ScenePart explicitly records the
correspondence between each part mask and its host object mask. This paired object—part supervision
enables models to learn hierarchical grounding, where a target part is grounded together with the
object to which it belongs. These annotations are then used to construct the training set and the
held-out evaluation splits described in the following section.

C Statistics and Splits of ScenePart

Dataset scale. ScenePart contains 800 synthesized indoor scenes, 21K object masks, 44K part
masks, and 273K language-task annotations. These annotations cover both object-level and part-level
reasoning and grounding tasks. From the generated annotation pool, we sample 200K annotations for
training and construct two held-out evaluation splits with 10K samples each.

Table 4: Overall Statistics of ScenePart.

Statistic Count
Scenes 800
Object masks 21K
Part masks 44K
Language-task annotations 273K
Splits:
ScenePart-200K annotations 200K
ScenePart-QA samples 10K
ScenePart-Seg samples 10K

Table 5: Breakdown of the ScenePart-Seg and ScenePart-QA Test Splits.

ScenePart-Seg ScenePart-QA
Type Count Type Count
Object 2K Part existence 3K
Coarse-part 4K Part counting 1.5K
Fine-part 4K Part color 2K
Part spatial relation 2K
Cross-object 1.5K

Train/test split. We split ScenePart at the scene level to avoid leakage between training and
evaluation. ScenePart-200K is constructed from annotations associated with the training scenes. The
held-out scenes are used to build two evaluation splits: ScenePart-QA for part-aware visual question
answering and ScenePart-Seg for referring segmentation at multiple granularities.

ScenePart-Seg. ScenePart-Seg evaluates language-guided mask prediction at three granularities:
object, coarse part, and fine part. Object-level expressions refer to complete object instances. Coarse
and fine parts are defined according to the part hierarchy provided by 3D-CoMPaT, where coarse
parts correspond to higher-level functional components (e.g., door of a refrigerator) and fine parts
correspond to lower-level subparts (e.g., handle of a refrigerator). Each sample consists of a scene, a
referring expression, and the ground-truth mask of the target object or part.
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ScenePart-QA. ScenePart-QA evaluates part-aware 3D visual question answering. Its questions
are generated from object names, part labels, object—part correspondences, part colors, local part
geometry, and scene-level part statistics. The split covers five question types: part existence, part
counting, part color, part spatial relation, and cross-object questions. Together, these question
types evaluate whether a model can recognize object parts, reason about missing parts, count
repeated components, describe local appearance, infer intra-object spatial relations, and aggregate
part information across the scene.

D Additional Qualitative Comparisons

We provide additional qualitative examples to complement the quantitative results in the main
paper. The examples are grouped into two figures, covering visual question answering and referring
segmentation across multiple evaluation datasets.

Figure 5| shows additional question answering examples from ScanQA and ScenePart-QA datasets.
Each example includes the input scene, the ground-truth answer, the answer predicted by PAR3D,
and the answer predicted by 3D-LLaVA. These cases illustrate that PAR3D can answer questions that
require understanding object attributes, object parts, spatial relationships, and scene-level context.
Compared to 3D-LLaVA, PAR3D provides more accurate responses on questions requiring fine-
grained 3D scene understanding.

Input Scene Questions & Answers Input Scene Questions & Answers

User: Where is the tv on the wall? User: Where is the shelf located?

GT: To left of brown rectangular
door.

GT: Above thin brown wooden
table.

3D-LLaVA: Above kitchen counter. 3D-LLaVA: Behind couch.

PAR3D (ours): Above the

wooden table. PAR3D (ours): To left of door.

User: How many legs does the User: How many objects in the
office chair have? l . u 81 scene have seats?
GT: 5 legs. 3D-LLaVA: 4. m L GT: 8. 3D-LLaVA: 3.
PAR3D (ours): 5. PAR3D (ours): 7.

Y
User: What is located across -r"”.t. ¥ User: What color is the armrest
from a vending machine? of the blue and brown chair?
GT: Door. L % GT: Gray.
3D-LLaVA: Trash can. ’ ‘ } 3D-LLaVA: Brown.
PAR3D (ours): Door. [N PAR3D (ours): Gray.

Figure 5: Additional Qualitative Comparisons on Visual Question Answering. Each example
includes the input scene, the ground-truth answer, the prediction of 3D-LLaVA, and the prediction
of PAR3D. PAR3D produces more accurate answers across representative examples from multiple
datasets.

Figure [6] shows additional referring segmentation examples from ScanRefer, Multi3DRefer, and
ScenePart-Seg datasets. Each example includes the input scene, the ground-truth mask, the mask
predicted by PAR3D, and the mask predicted by 3D-LLaVA. The results show that PAR3D achieves
more accurate segmentation of language-specified targets in 3D scenes across multiple granularities
and benchmark settings.
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Language Instruction Input Scene Ground Truth

Sl

PAR3D (Ours) 3D-LLaVA

Ve

2

)

User: The printer is
located under the left
window, at the left
end of a gray cabinet
in the corner.

User: Hanging to the
right, a towel awaits
its next use.

User: On top of the
brown sideboard next
to the window, there
are grey computer
monitors.

User: A black office
chair is sitting under
the desk. there is a
computer mouse in
front of it.

User: The radiator is
grey and below the
window. the radiator
is at the end of the
table.

User: Locate the
pillow on the Red and
white modern sofa.

Figure 6: Additional Qualitative Comparisons on Referring Segmentation. Each example
includes the input scene, the ground-truth mask, the prediction of PAR3D, and the prediction of
3D-LLaVA. The target mask is highlighted in blue, regardless of whether the target corresponds to an
object or a part. PAR3D achieves more accurate segmentation across representative examples from
multiple datasets.
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