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Fine-grained robotic manipulation depends on understanding parts, not only whole objects. Existing 3D
foundation models tend to be either generalized but object-aware, or part-aware but limited to closed-set
taxonomies, which weakens zero-shot transfer. We study text-conditioned 3D part segmentation, where
a free-form phrase selects a functional part on point cloud. We introduce UniPart, a feed-forward
cross-modal 3D Transformer that conditions CLIP text embedding. To scale supervision, we build
LangPart-1M with 160K+ Objaverse assets and 8M text to part pairs using multi-view consistent
part generation. We further manually label a high-quality subset, LangPart-4K, for fine-tuning and
evaluation. UniPart achieves strong zero-shot results on open-vocabulary part benchmarks and transfers
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1 Introduction are strong at separating object instances but do

not resolve internal semantically relevant parts
The quest for truly general-purpose embodied in- within one object.

telligence hinges on a robot’s ability to not merely
perceive objects, but to comprehend their function
and composition at a granular level [18; 44, 52, 54]. In
open-world settings, manipulation depends on gener-
alizing to unseen objects and to the parts that matter
for an action. A robot must identify the semantically
relevant object part on a previously unseen instance, =~ We frame the missing capability as a semantic in-
conditioned on a human instruction. terface for fine-grained 3D geometry. Instead of pre-

dicting fi fixed label set bot should tak
Foundation models such as SAM [29] and CLIP [57] [CVING THOM & AXCA abel 5et, a 1ohot Suowd take
. : a natural language instruction and return the corre-

have made 2D perception generalizable, and several .
. . sponding 3D part mask. We study language-grounded
lines of work extend these priors to 3D. Yet fine- . A

. . ) . zero-shot 3D part segmentation and tackle it with a
grained part understanding remains difficult [54, 4, . . ..

L . paired design of supervision and model.

52]. Existing approaches often fall into two patterns
that leave a gap for dexterous manipulation. On the supervision side, we build LangPart-1M. The
key challenge is not only scale, but also multi-view
consistency of part masks when lifting from 2D to 3D.
Our pipeline combines multi-view rendering, SAM

e Part-aware but closed-set Part and affordance
models trained on datasets such as ShapeNet-
Part [72]| provide fine granularity, yet they rely
on fixed taxonomies and struggle with open-
vocabulary generalization.

e Promptable but coarse Models that inherit SAM-
style prompting in 3D, such as Point-SAM [87],
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Figure 1 Overview. We construct LangPart-1M from 160K+ Objaverse assets and generate 8M text to part pairs
using a scalable multi-view consistent part generation pipeline. UniPart is a feed-forward text-conditioned 3D part
segmentation model trained on this dataset. The predicted part masks provide fine-grained geometric cues that support

embodied interaction.

region proposals, Set-of-Mark prompting, and a text-
guided merging step followed by lifted to 3D. This
produces point-level part masks aligned to language
at scale. We then curate LangPart-4K with man-
ual verification so that training can benefit from
both breadth and high-fidelity corrections. On the
model side, we introduce UniPart, which is a feed-
forward cross-modal 3D Transformer that injects a
frozen CLIP text embedding into every layer through
simple addition. This choice keeps the architecture
lightweight while maintaining strong language con-
ditioning. We also include a controlled study that
separates the effect of the dataset from the effect of
the model, which is critical for positioning against
closely related work.

In summary, our key contributions are:

e LangPart-1M and LangPart-1K We introduce a
large-scale dataset with 160K objects and 8M

text-to-part pairs, and a benchmark split with
1K objects and more than 4K annotations for
open-vocabulary evaluation.

e Scalable data engine and high-quality subset We
present a multi-view pipeline that aligns language
to 3D part masks using SAM proposals, Set-of-
Mark prompting, and text-guided merging for
view consistency. We additionally build LangPart-
4K with ten annotators and assign text labels
to part masks, providing high-fidelity language-
grounded 3D part supervision.

e UniPart model and controlled positioning We pro-
pose a feed-forward cross-modal 3D Transformer
with layer-wise additive text injection, and we
report a matched supervision study that disentan-
gles the gains from data and from architecture.

e Embodied validation We show that UniPart can



produce part masks on real sensor point clouds
that are useful for language-conditioned grasping.

2 Related Works

2.1 3D Part Segmentation

Classic 3D part segmentation relies on closed-set
supervision, such as ShapeNetPart [72] and Part-
Net [43], and achieves fine granularity within fixed
taxonomies. More recent work leverages 2D vision
language priors to reduce labeling cost, yet open-
vocabulary generalization is still limited [34]. In
parallel, promptable and open-vocabulary 3D seg-
mentation extends SAM [28] and CLIP [56] into 3D
through multi-view lifting or 3D scene pipelines, and
it is mainly evaluated on instance or scene semantics
rather than object internal parts [55, 86, 17]. Recent
efforts also explore open-vocabulary part segmenta-
tion in narrower domains or synthetic settings [65].

Our work is closest to concurrent text-prompted part
segmentation such as FIND3D [38]. We share the goal
of querying arbitrary parts with language, while dif-
fering in two aspects that we evaluate under matched
supervision. First, we construct LangPart-1M using
a multi-view pipeline that enforces 3D consistency
through text guided mask merging. Second, we train
a feed-forward point-based model with layer-wise
additive text injection, which provides dense part
masks without multi-view querying at inference. We
include a controlled study that isolates the effects of
supervision and architecture.

Related but distinct, language-guided 3D affordance
segmentation focuses on action regions rather than
semantic parts and often depends on task-specific
definitions [66, 37]. UniPart targets category-agnostic
part masks as a perception primitive that can be
composed into downstream manipulation.

2.2 Language-Grounded Robot Manipulation

Language-grounded robot Manipulation adopts the
human language as a general instruction interface.
Existing works can be categorized into two groups: (i)
End-to-end models like RT-series [3, 89, 2] built upon
unified cross-modal Transformers with tokenized ac-
tions [58, 33, 82], large vision-language-action mod-
els built from VLMs [27, 81], or 3D representa-
tions [83, 75]. Training on robot data such as Open
X-Embodiment [5] and DROID [26], a remarkable
process has been made. However, the data scale is
still limited compared to in-the-wild data for training
VLMs. (ii) Decoupled high-level reasoning and low-
level actions in large VLMs and small off-the-shelf

policy models, primitives [25, 32, 24, 22, 16, 71, 76,
40, 20, 85], or articulated priors [23, 31]. Our model
lies in this group, where an open-world generaliza-
tion property emerges from VLMs and our proposed
UniPart is empowered by fine-grained understanding.

2.3 3D Representation Learning

Research on 3D Representation Learning encom-
passes various methods, including point-based [48,
49], voxel-based [41], and multiview-based ap-
proaches [60, 19]. Point-based methods [53, 14] have
gained prominence in object classification [68, 62]
due to their sparsity yet geometry-informative rep-
resentation. On the other hand, voxel-based meth-
ods [8, 73, 51] offer dense representation and transla-
tion invariance, leading to a remarkable performance
in object detection [6] and segmentation [72, 1]. The
evolution of attention mechanisms [63] has also con-
tributed to the development of effective representa-
tions for downstream tasks, as exemplified by the
emergence of 3D Transformers [14, 36, 39]. Notably,
3D self-supervised representation learning has gar-
nered significant attention in recent studies. Point-
Contrast [69] utilizes contrastive learning across dif-
ferent views to acquire discriminative 3D scene repre-
sentations. Innovations such as Point-BERT [74] and
Point-MAE [45] introduce masked modeling [21, 9]
pretraining into the 3D domain. ACT [12] pioneers
cross-modal geometry understanding through 2D or
language foundation models such as CLIP [56] or
BERT [9]. Following ACT, RECoN [50] further pro-
poses a learning paradigm that unifies generative
and contrastive learning. PPT [79] highlights the
significance of positional encoding in 3D represen-
tation learning. Additionally, leveraging foundation
vision-language models like CLIP [12, 56| has spurred
the exploration of a new direction in open-world 3D
representation learning. This line of work seeks to
extend the applicability and adaptability of 3D rep-
resentations in diverse and open-world /vocabulary
scenarios [46, 78, 11, 10, 15, 80].

3 UniPart: Language-Grounded 3D
Part Segmentation for Embodied
Interaction

3.1 Datasets

Scaling text-part alignment dataset to hundreds of
thousands of 3D assets requires balancing annotation
scalability and quality. Fully manual labeling at this
scale is impractical, whereas fully automated anno-
tation inevitably introduces noise. To address this



Table1 Properties and inference time of UniPart and baselines. We report whether each method is open-world, supports
cross-category transfer, predicts part-level masks, and runs as a feed-forward 3D model without multi-view rendering
and backprojection at inference. We also report a representative runtime and the number of training objects when

applicable.
Method Time , Open-world , Cross-category Part-level — Feed-forward , Num. Object
PointCLIPV?2 5.4s v v v X -
PartSLIP++ 174.3s X 4 X -
OpenMask3D 296.5s v v X X -
PartDistill 0.7s X X v v -
PointNext 1.4s X v v v -
FIND3D 0.9s v v v v 36k
UniPart(Ours) | 0.4s v v v/ v 160k+

trade-off, we construct our dataset in two complemen-
tary stages. The first subset LangPart-1M is generated
through a fully automated pipeline leveraging large-
scale foundation models, providing broad coverage
and diversity across object categories. While scal-
able, this subset may contain minor inconsistencies
due to model-induced noise. To provide high-fidelity
semantic supervision, we additionally curate a man-
ually annotated subset LangPart-4K with carefully
verified part labels, which is splited into LangPart-3K
for training and LangPart-1K as benchmark.

During training, we adopt a three-stage curriculum.
We first align point-cloud representations with RGB
features to inject rich cross-modal semantic cues into
the 3D backbone, establishing an initialization that is
both geometrically grounded and semantically aware.
We then pretrain the model on large-scale data to
acquire broad structural and semantic priors at scale.
Finally, we fine-tune on the manually annotated sub-
set to correct the noise of automatic supervision and
sharpen part-level localization accuracy. This staged
design progressively transfers knowledge from cross-
modal semantic alignment to scalable representation
learning, and ultimately to high-fidelity part under-
standing.

3.1.1 Dataset Statistics

To facilitate rigorous evaluation and training,
LangPart-1M is curated with extensive coverage and
fine-grained annotations. Specifically, the dataset
contains over 160K+ unique 3D objects spanning
more than 250 distinct object categories (e.g., furni-
ture, tools, appliances, vehicles), as shown in table 1.
Within these objects, we annotate over 1,000 unique
part types (e.g., handle, button, spout, screen), yield-
ing a total of approximately 8 million text-part pairs.
We train on the remaining data after holding out the
benchmark split, and report results on our proposed
benchmark.

3.1.2 DataSource

To enable large-scale training, we construct the
LangPart-1M dataset based on Objaverse [7], which
contains approximately 800K Internet-sourced 3D
models across diverse categories. However, Internet-
sourced models often exhibit noisy annotations and
inconsistent visual quality. To obtain clean and con-
sistent supervision, we re-render the assets in Blender
with controlled lighting, generating over 8M high-
fidelity images.

3.1.3 Data Filtering

To clean the data that can be better used for gen-
erating fine-grained part annotations, we first clean
the data by using a dedicated filtering strategy that
filters data to preserve samples that satisfy the fol-
lowing six requirements. @ Clean objects without
the ground for auxiliary visualization. @ Reasonable
objects that have sufficient spatial reasoning poten-
tials. ® High-quality objects. Low-quality objects
such as blurry and wrong samples are filtered. @
Distinguishable objects. Abstract objects such as
meaningless solids are filtered. ® Non-scene objects.
Samples that describe a 3D scene are filtered for
object-centric understanding purposes. ® No test
leakage. We proactively remove all asset IDs from
evaluation benchmarks, including Objaverse-General,
from the training pool.

Filtering at this scale is impractical to do fully by
hand. Inspired by recent work on using VLMs as
image-based judges [84, 67, 47], we use GPT-5.2-
Pro [59] with a fixed prompt and deterministic de-
coding to decide whether an asset passes the cri-
teria. For reproducibility, we will release the full
filtering prompt, the list of retained asset IDs, and
the per-asset decisions so that the training set can
be reconstructed without re-running the VLM.
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Figure 2 Pipeline of LangPart-1M dataset generation, including Part Querying, Multi-View Segmentation and Text-Mask

Alignment.

3.1.4 LangPart-1M Dataset Generation

To generate the fine-grained annotations for our
dataset, we devise a novel pipeline that systemat-
ically leverages large-scale foundation models. As
shown in figure 2, this process follows four stages:

(i) Part-List Querying: For each cleaned 3D object,
we first employ GPT-5.2-Pro [59] to query and gen-
erate its object name and a comprehensive list of its
potential functional or meaningful parts.

(ii) 2D Unsupervised Segmentation For each object, we
render twelve randomly sampled single-view images
in Blender. For each view, we apply SAM [28] to
obtain all possible segmentations, producing multiple
fine-grained part candidates per image. To enable
large language models to reason about these spatial
regions, we employ the Set-of-Mark [70] prompting
technique, assigning a unique visual identifier to each
generated segment.

(iii) Multi-View Consistent Part Generation Lifting
2D masks into 3D often produces view-dependent
inconsistencies. We address this with a text guided
merging step followed by lifted to 3D. For each view,
we provide the SoM labeled image to GPT-5.2-Pro
and ask it to select the visible parts from the queried
part list and to merge the region IDs that belong to
the same part. This step improves cross-view coher-
ence, merges over-segmented regions, and suppresses
isolated outliers.

(iv) Text to Point Cloud Alignment Finally, using the

camera intrinsics, extrinsics, and depth maps from
our renderer, we aggregate the back-projected points
and obtain a unified point cloud with per-point part
labels. To support reproducibility, we will release the
intermediate artifacts needed to replay the pipeline,
including render metadata, depth maps, SAM masks,
SoM overlays, and the merged region sets produced
during alignment.

3.1.5 Manual Annotation for Quality Improvement

After data filtering in Sec. 3.1.3, we obtain over 160K
3D assets from Objaverse. However, not all objects
are equally relevant for functional robotic manipula-
tion. We therefore manually select 4K objects and
manually construct and label a high-quality subset
for post-training, named LangPart-4K by two stages.

(i)Part-Aware Object Filtering In practice, robots pri-
marily interact with objects that exhibit clear func-
tional or structurally meaningful parts. Therefore,
from the 160K objects, we further select 4K objects
that contain explicit functional components or well-
defined part structures. The subset is manually an-
notated to provide high-fidelity supervision for the
third training stage.

(ii)Refinement of Auto Annotation For each object in
LangPart-4K, we start from the automatically gener-
ated multi-view masks from Sec. 3.1.4. Annotators
inspect the correspondence between each part name
and its regions in every rendered view and correct
mismatches when needed. This yields a verified set
of part masks that is used for fine-tuning and for
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constructing our benchmark.

3.1.6 Text-Alignment Part Segmentation Benchmark

Existing 3D part segmentation benchmarks are lim-
ited in diversity and flexibility. They cover only
a small set of object categories, rely on closed-set
part taxonomies, and often contain canonicalized
CAD models. ShapeNetPart has 16 categories and 41
part labels [72]. PartNet-E expands to 45 categories
but still uses a fixed vocabulary shared across cate-
gories [43]. After manual verification in Sec. 3.1.5,
we split LangPart-4K into LangPart-3K for train-
ing and LangPart-1K with 1K objects for evaluation.
LangPart-1K is designed to evaluate both seen and
unseen categories and part types, and we will release
the split specification together with the asset IDs and
text prompts used for evaluation.

3.2 A Cross-Modal 3D Transformer for
Language-Grounded Part Segmentation

We introduce UniPart, a simple Transformer-based ar-
chitecture [63] with cross-modal point cloud-language
fusion for open-vocabulary text-conditioned part
segmentation. As illustrated in figure 3, UniPart
takes an object’s point cloud and a language de-
scription as input and predicts the corresponding
text-conditioned segmentation mask.

3.2.1 Language and Point Cloud Embeddings

Given an object point cloud X = {x; € R3|i =
1,2,..., N} in Cartesian coordinates and an arbitrary
language description ¢, we first tokenize both modal-
ities into discrete embeddings. For the 3D input,
following [12, 74, 50|, we sample N, seed points via
Farthest Point Sampling (FPS) and form local neigh-
borhoods using k-nearest Neighbors (kNN). Each
neighborhood is encoded into a local geometric to-
ken using a lightweight PointNet-style feature ex-
tractor [48, 49], yielding a sequence of 3D tokens.
For language, we adopt OpenAI CLIP [56] and use
its global text embedding as the conditioning sig-
nal for cross-modal fusion with the 3D tokens. The
fused representations are then processed by a Trans-
former encoder. Finally, a MLP-style decoder head
upsamples |CLS| token features back to per-point pre-
dictions and outputs text-conditioned binary mask
over the input points, producing an open-vocabulary
part segmentation mask corresponding to ¢. Similar
to Vision Transformer [13], we adopt a Large config-
uration with more Transformer layers, larger hidden
dimensions, and a stronger CLIP text backbone.

3.2.2 Cross-Modal Fusion

We adopt a dense, layer-wise fusion strategy that
injects the global text embedding into each layer



of the 3D Transformer. In principle, cross-modal
fusion can be implemented in many ways, e.g., cross-
attention, adapters, or feature concatenation along
the channel dimension. Empirically, we find that a
simple additive injection—adding the text feature
to every point token at each layer—yields the best
trade-off between simplicity and effectiveness. We
hypothesize this is because the language input is
relatively short, and per-token addition strengthens
language conditioning throughout the network.

3.3 Optimization

Let Fyp represent the UniPart model parameter-
ized by Oup (the CLIP is kept frozen and thus its
parameters are not included). Given every object
point cloud X; € Drangpart-1m in the LangPart-
1M dataset, where each object is labeled with a
part text set L; = {E;,j = 1,2,..., P} where
P; is the part number of point cloud X;. And
the corresponding ground truth 3D part segmenta-
tion mask S; = {sé»,j = 1,2,..., P} where S; is
an one-hot label. For the second and third fine-
tune stage, the optimization is to minimize the Bi-
nary Cross-Entropy (BCE) loss between predicted
segmentation mask and ground truth label, where
Lron(St, 81) =[S 1og($1) + (1 — Si) log(1 — $1)].
And the final optimization function is

mineUP ZXzGDLangPart-]]\/I ZS;GSi [’BCE(S;’ S;) (]‘)

During the first pretraining stage, for each single view
point cloud Xfi” € DrangPart-1M, and a correspond-
ing RGB image I; rendered from the same view, and
a mapping 7 (i) € {1, ..., M} that assigns each point
to an image patch index, where M is the image patch
number. We extract patch-level CLIP features from
the image {¢; }jl‘/iland align them with per-point fea-
tures produced by the point encoder, encouraging
the 3D representation to inherit CLIP’s semantic
structure. This initialization significantly facilitates
subsequent text-guided part understanding during
fine-tuning. And the loss function is

Lalign = max(O, 1- % vazl <i'“ é‘”(’)>) (2)

where z; is the normalized point feature, €, ;) is its
corresponding normalized CLIP patch feature, N is
the point number, and (-, -} denotes the inner product.

3.4 Comparison with Related Works

Recent work such as FIND3D [38] also studies text-
prompted 3D part segmentation. We focus on two
differentiators that we evaluate under matched super-
vision. LangPart-1M provides large-scale point-level

supervision constructed with a multi-view consistency
mechanism based on text-guided merging. We report
a controlled study that isolates the contribution of
the supervision engine and the contribution of the
architecture, and we test the resulting part masks in
a real robotic grasping pipeline.

4 Experiments

4.1 Experimental Settings

Benchmarks We evaluate on three settings. We re-
port results on Objaverse-General [38] to compare
with prior open-world baselines. We additionally
evaluate on ShapeNetPart [72] and PartNet-E [43] to
test transfer to classic part benchmarks. Finally, we
evaluate on LangPart-1K, which is constructed from
LangPart-4K with manual verification.

Metric We report mean Intersection over Union. For
each input point cloud, we compute the mean IoU
across its annotated parts, then average over the
point cloud.

4.2 Part Segmentation Baselines

4.21 Open-world Baselines

To ensure a consistent and fair comparison, we fol-
low the baseline selection and evaluation protocol in
FIND3D |[38] and detail the adopted methods below.
We use the same two prompt formats, a composi-
tional query of the form {part} of a {object} and
a short query {part}.

e PointCLIPV2 [88] is an open-world 2D-to-3D frame-
work that repeatedly queries CLIP [56] across ren-
dered views. It relies on a prompt-selection procedure
that retains the top-k textual prompts for each ob-
ject, with k& = 1400 X nparts, where the prompt set is
chosen using the ShapeNetPart test split.

e PartSLIP++ [35] follows a detection-driven design,
leveraging GLIP [30] together with a dedicated su-
perpoint generation module to transfer 2D detections
back to 3D. The method additionally trains category-
specific models on PartNet-E [42]; for consistency and
fairness, we report results using its released zero-shot
checkpoint.

e OpenMask3D [61] is an open-vocabulary 2D-to-3D
approach originally trained on 3D scenes. Both Point-
CLIPV2 and OpenMask3D produce dense predictions
by assigning a label to every point. When the bench-
mark includes unlabeled regions, we add an “other”
text query to represent the no-label option.



Table 2 Performance comparison with open-world methods on Objaverse-General. UniPart performs best on Objaverse-
General benchmark. We show results evaluated with 2 common query prompts: “{part} of a {object}" and “{part}"

for all methods following FIND3D [38].

Methods

Objaverse-General

Seen Categories

Unseen Categories

{part} of a {object} {part} | {part} of a {object} {part}
PointCLIPV?2 9.81 11.27 10.27 11.09
PartSLIP++ 2.69 15.03 0.57 10.43
OpenMask3D 11.81 11.93 7.01 10.31
FIND3D 33.78 34.10 26.21 2741
UniPart(ours) 46.43 49.27 41.46 45.23

Table 3 Performance comparison with open-world methods on ShapeNetPart. UniPart also performs best on this

benchmark. And we also evaluate with prompts “{part} of a {object}" and “{part}".

Methods ShapeNetPart
Canonical Rotated ShapeNetPart-V2

{part} of a {object} {part} | {part} of a {object} {part} | {part} of a {object} {part}
PointCLIPV2 16.91 20.22 16.88 18.19 15.14 17.11
PartSLIP++ 1.43 6.46 0.94 6.03 1.54 11.62
OpenMask3D 8.94 10.37 6.75 14.56 15.87 13.77
FIND3D 28.39 24.09 29.64 23.71 42.15 30.02
UniPart(ours) 40.07 41.75 42.43 39.56 55.63 51.29

Table 4 Comparison on LangPart-1K benchmark.

Methods

LangPart-1K benchmark

Single-View point cloud

Whole Object point cloud

{part} of a {object} {part} | {part} of a {object} {part}
FIND3D 10.39 8.97 14.36 17.28
UniPart(ours) 31.23 33.56 28.69 27.17

4.3 Experimental Results

Results on Objaverse-General, ShapeNetPart, and
PartNet-E Table 2 and Table 3 report mloU on
Objaverse-General and ShapeNetPart. As shown
in this table, our method UniPart can perform bet-
ter than others. As shown in Table 5, we compare
open-world part segmentation methods on PartNet-
E. Among these approaches, Our method has best
performance.

Qualitative results Figure 4 shows qualitative exam-
ples from our model predictions. Our benchmark
and dataset has more objects and more parts than
FIND3D. And our datasets include single-view and
whole point cloud.

Results on LangPart-1K Our dataset provides both
single-view point clouds and complete 3D point
clouds. Accordingly, we train two separate mod-

els—one tailored to partial observations and the other
operating on full geometry. For a fair and compre-
hensive evaluation, we further report results under
both test protocols, as shown in Table 4. And Our
method has best performance.

4.4 Fine-Grained Robotic Manipulation

4.41 Real World Robot Setups

We perform object manipulation tasks using the
Franka Panda equipped with a gripper and the UR
robot arm with a Shadow Hand. All the robot arms
mount a RealSense D415 camera at their end for im-
age capturing. In figure 5, we present the workspace
and robotics for real-world object manipulation. We
utilize only a single D415 camera. This setup signif-
icantly reduces the additional overhead associated
with environmental setup and multi-camera calibra-
tion, and it is more readily reproducible.
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Table 5 Comparison of open-world methods on PartNet-E.

Methods Canonical Orientation Rotated

{part} of a {object} {part} | {part} of a {object} & {part}
Find3D 16.86 16.38 17.62 17.16
PartSLIP++ 5.12 32.71 3.87 23.03
PointCLIPV?2 11.28 9.70 10.32 10.22
OpenMask3D 12.54 11.24 11.93 11.67
UniPart(ours) 23.15 22.90 24.28 21.72

4.4.2 Language-Conditioned Grasping in Real-World
Scenarios

We evaluate robotic grasping tasks to test whether
UniPart produces usable part masks on real sensor
point clouds. We integrate UniPart with off-the-
shelf grasp generators, GraspNet [64] and DexGrasp-
Net2.0 [77]. Given a language query, UniPart predicts
a target part point cloud, which is then used as the
input to the grasp generator to execute a grasp.

Quantitative Results We evaluate 20 real objects with
language prompts that specify a target part. We
report part segmentation accuracy by inspection of
the predicted part, and we report grasp success as the
fraction of successful grasps that land on the intended
part. UniPart achieves 90.5% part segmentation
accuracy and the downstream pipeline achieves 85.0%
grasp success.

Qualitative Results UniPart delineates parts such as
handles and grips under sensor noise and occlusion,
which supports its use as a perception module for
language-conditioned grasping.

Table 6 Controlled study evaluated on Objaverse-General
(zero-shot mlIoU). Both our dataset and architecture con-
tribute significantly to the final performance.

Model Architecture Training Data mIoU
FIND3D FIND3D Data 30.75
UniPart(Ours) FIND3D Data 35.27
FIND3D LangPart-1M (Ours)  38.42
UniPart(Ours) LangPart-1M (Ours) 47.25

4.5 Ablation Study

4.5.1 Controlled Study

To strictly isolate the performance gains brought by
our proposed architecture and our large-scale dataset,
we conduct a controlled cross-evaluation against the
FIND3D [38] baseline on the Objaverse-General zero-
shot benchmark. We evaluate four settings: (1)
FIND3D model trained on FIND3D data, (2) Uni-
Part trained on FIND3D data, (3) FIND3D model
trained on LangPart-1M, and (4) UniPart trained on
LangPart-1M.

As shown in table 6, when restricted to the same



Figure 5 Object Manipulation robot setup.

Table 7 Ablation study of pretraining for UniPart.

mIoU
with pretrain + partial PC 33.56
with pretrain + complete PC 27.17
without pretrain + partial PC 26.34
without pretrain + complete PC ~ 23.39

FIND3D training data, UniPart still outperforms the
FIND3D model by 14.69% mloU, demonstrating the
superior cross-modal alignment capability of our ad-
ditive text-injection Transformer. Conversely, when
the FIND3D model is trained on our LangPart-1M
dataset, its performance improves by 24.94% mIoU,
validating the high quality and scalability of our au-
tomated data engine. Ultimately, UniPart trained on
LangPart-1M achieves the best performance, proving
that our architecture is uniquely suited to absorb the
rich supervision from large-scale text-part data.

4.5.2 Ablation study on Pretraining

To isolate the contribution of the proposed cross-
modal pretraining, we conduct ablations under both
partial and complete point-cloud settings. Although
the pretraining stage is performed only on single-view
partial point clouds (as it relies on point-to-image
patch correspondences), we evaluate its effect on
models trained and tested with partial inputs as well
as on models operating on complete geometry. As
shown in table 7, pretraining on single-view partial
point clouds still improves fine-tuning on complete
point clouds by transferring CLIP semantics into the
3D encoder. Gains are typically larger for partial
inputs but remain consistent on complete geometry.

Table 8 Ablation study of multi-modal fusion.

Fusion Method mIoU
Cross-attn 29.22
Multiplication 28.13
Concat 30.31
Addition 33.56

4.5.3 Cross-Modal Fusion Choices

We further conduct an ablation study on the multi-
modal fusion methods in UniPart, testing commonly
used feature fusion techniques such as cross-attention,
multiplication, addition, and concatenation, as shown
in table 8. The results indicate that simple addi-
tion achieves the best performance. This may be
attributed to the fact that instructions in the seman-
tic domain are typically composed of short phrases or
sentences, and the text CLS token already encodes
sufficiently high-level semantic information.

5 Conclusion and Future Work

We introduced UniPart for zero-shot, language-
grounded 3D part segmentation. Our goal is to
provide a simple semantic interface that maps a nat-
ural language phrase to a fine-grained 3D part mask,
which is a useful primitive for embodied interaction.
A key enabler is LangPart-1M, a large-scale resource
with 8 million text to part alignments on 160K+ ob-
jects, constructed with a multi-view pipeline that
improves 3D consistency through text guided merg-
ing. We further curate LangPart-4K with manual
verification and establish LangPart-1K for evaluation.
UniPart, a feed-forward cross-modal 3D Transformer
with layer-wise additive text conditioning, achieves



strong generalization across open-vocabulary bench-
marks and produces usable part masks on real sensor
point clouds for language-conditioned grasping. Fu-
ture work will extend part understanding beyond
isolated objects and strengthen closed-loop integra-
tion with robotic control.
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