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‘What can cut fish into small pieces?
Please output segmentation mask and
explain why.

If you are hungry, Can you segment the
portions that taste best in this image?
Please output segmentation mask and
explain why. In the picture, there is a large fish on a
cutting board, and a knife is present nearby.
The knife can be used to cut the fish into
smaller pieces or portions, as needed.

In the picture, the part of the
hamburger that is likely to taste @
the best is the beef patty. The

patty is the meat component of
the hamburger, and its quality
and flavor directly contribute to
the overall taste of the sandwich.

lift it

(a) Reasoning 3D Segmentation

If you want to move from one place to
another, Can you segment which part you
need to use in this image? Please output
segmentation mask and explain why.

If you want to move from

one place to another, you

can use the two legs of the

chair as wheels to roll it

across the floor. This would

allow you to move the chair’

easily from one location to

another without having to

02750@zjhu.edu.cn

Can you segment the abdomen
and the foot and the butt and the
area below the abdomen in this
image?

" M

(b) Open-Vocabulary 3D Segmentation

Can you segment the man's head
in this image?

Figure 1. In this work, we propose a new task: reasoning 3D segmentation. We also propose a method that can segment 3D object parts with
explanations based on various criteria such as reasoning, shape, location, function, and conceptual instructions.

Abstract

In this paper, we introduce a new task: Zero-Shot 3D Rea-
soning Segmentation for parts searching and localization
for objects, which is a new paradigm to 3D segmentation
that transcends limitations for previous category-specific 3D
semantic segmentation, 3D instance segmentation, and open-
vocabulary 3D segmentation. We design a simple baseline
method, Reasoning3D, with the capability to understand and
execute complex commands for (fine-grained) segmenting
specific parts for 3D meshes with contextual awareness and
reasoned answers for interactive segmentation. Specifically,
Reasoning3D leverages an off-the-shelf pre-trained 2D seg-
mentation network, powered by Large Language Models
(LLMs), to interpret user input queries in a zero-shot man-
ner. Previous research has shown that extensive pre-training
endows foundation models with prior world knowledge, en-
abling them to comprehend complex commands, a capability
we can harness to ”’segment anything” in 3D with limited 3D

datasets (source efficient). Experimentation reveals that our
approach is generalizable and can effectively localize and
highlight parts of 3D objects (in 3D mesh) based on implicit
textual queries, including these articulated 3D objects and
real-world scanned data. Our method can also generate
natural language explanations corresponding to these 3D
models and the decomposition. Moreover, our training-free
approach allows rapid deployment and serves as a viable
universal baseline for future research of part-level 3D (se-
mantic) object understanding in various fields including
robotics, object manipulation, part assembly, autonomous
driving applications, augmented reality and virtual reality
(AR/VR), and medical applications. The code and the user
interface have been released publicly.

* These authors contributed equally to this work.
T Corresponding author.
Code: http://tianrun-chen.github.io/Reason3D/


https://github.com/tianrun-chen/Reason3D-Pytorch

1. Introduction

The importance of 3D segmentation cannot be overstated - it
is foundational in fields like robotics, autonomous driving,
and augmented reality[12, 35, 39]. Traditional approaches
have often required extensive manual labeling or complex
rule-based algorithms that struggle to generalize to diverse
real-world scenarios[21, 24, 38, 40]. The sheer complex-
ity of 3D data, combined with the inherent ambiguities and
varying viewpoints, has posed significant challenges in devel-
oping robust and generalizable 3D segmentation techniques.

In this work, we introduce fine-grained Zero-Shot 3D
Reasoning Segmentation for parts in 3D objects, which
aims to bring 3D segmentation to a new level. Imagine in-
structing a system with words like ”segment the part of the
chair where you would sit” or "highlight the nutritious parts
of this vegetable” and watching it magically understand and
perform the task in the 3D world. You can have natural con-
versations with the system and see it output the segmentation
mask along with explanations (See Fig. | for examples). It
is a future where 3D systems can intuitively understand and
respond to intricate queries — The possibilities are endless.

However, achieving this vision is no small feat. Tradi-
tional 3D segmentation approaches are typically confined to
fixed object categories, severely limiting their flexibility. Re-
cent endeavors in open-vocabulary segmentation can handle
a broader range of labels but are still limited to dealing with
straightforward tasks like labeling “’the apple” and cannot
handle complex, reasoning-based queries. Asking a system
to perform more nuanced operations like ’segment edible
parts of a fruit” requires a level of contextual understanding
and reasoning that current methods do not possess.

Thanks to the recent advancements in Multi-modal Large
Language Models (LLMs)[19, 22, 27, 31, 42, 44], we can
now bring our aforementioned vision to life. Recently, Large
Vision-Language Models (LVLM) have shown remarkable
capabilities in comprehending 2D images, excelling in tasks
that require complex reasoning, multi-turn conversations,
and explanatory answers[15, 37, 43]. We aim to extend
their capabilities into the 3D realm, and we believe that this
transition is promising with much practical value — Never
forget that we live in a 3D world!

However, extending the success of reasoning segmen-
tation from 2D to 3D domains also presents substantial
challenges. The scarcity of available 3D data and ground-
truth Question-and-answer pairs stopped us from performing
large-scale training. The added dimension also increases
the computational demands of 3D architectural components.
Here, inspired by research that has tackled similar challenges
in 3D generation[7, 8, 28, 30, 33, 41] — using network models
in 2D and then lifting some information to 3D, we introduce
our approach to leverage off-the-shelf 2D models to perform
the task in a zero-manner. This approach, which we named
Reasoning3D, allows us to circumvent the limitations im-

posed by the scarcity of extensive 3D datasets and the high
computational costs with its training-free property and 2D
pre-training.

Specifically, our Reasoning3D approach involves render-
ing a 3D model from multiple viewpoints and applying a
pre-trained reasoning segmentation network to each 2D view
based on the given query input. By doing so, we generate
segmentation masks and accompanying text explanations for
each perspective. These individual masks and explanations
are then fused to produce a comprehensive 3D segmentation
mask (labels are assigned to the vertices of the 3D model).
We have evaluated our approach in various models in the
wild, both with and without textures. We have also tested our
approach in existing open-vocabulary segmentation bench-
marks, which validates the effectiveness of our approach.

While Reasoning3D is a straightforward baseline method,
we believe it serves as a good starting point for researchers
to explore and expand the future of 3D part segmentation.
We will release the implementation code and the benchmark
code publicly to facilitate future research, with the hope
that our initial step sets the stage for further innovation and
refinement, and eventually bring us closer to a future where
3D computer vision systems are as versatile and perceptive
as human cognition, capable of revolutionizing a myriad of
applications across various fields.

Below in Tab. 1, we show how our approach differs from
some existing LLM-based 3D segmentation method (includ-
ing SQA3D [25], 3D-VisTA [45], ViewRefer [9], Point-Bind
[10], 3D-OVS [20], OpenMask3D [29], PLA [6], Open-
Scene [26], Chat-3D [32], M3DBench [18], LLM-Grounder
[36], 3D-LLM [11], LL3DA [3], PointLLM [34], PARIS3D
[13D.

2. Method

As illustrated in Fig. 2, Reasoning3D begins with a mesh in-
put fed into the renderer for viewpoint rendering, generating
the face id for each corresponding viewpoint. Next, the ren-
dered viewpoints and the user-input prompt are processed by
the pre-trained 2D reasoning segmentation network, which
segments the image to extract the desired parts and output
explanations. Finally, using the mapping relationship be-
tween each viewpoint and its corresponding mesh face id,
the segmented parts are reconstructed back onto the mesh
with a specially designed multi-view fusion mechanism.

2.1. Multi-View Image Rendering and Face ID Gen-
eration.

Human interaction with the 3D environment often involves
dynamic exploration, amalgamating viewpoints from various
angles to construct a cohesive 3D comprehension, rather than
assimilating a 3D setting instantaneously. Our methodology
advocates for 3D reasoning cultivated from multi-perspective
imagery. This strategy also leverages the extensive 2D pre-



Method SQA 3'D- View Po'int— 3D- Open PLA Open | Chat- M3D LLM- 3D- LL Point ~ PARIS Ours
3D VisTA  Refer  Bind OVS  Mask3D Scene 3D Bench Grounder LLM  3DA LLM 3D
Tnput Input Type Scene  Object Scene Object | Scene Scene  Scene Scene | Scene Scene Scene Scene Scene Object Scene Object
Reasoning Query  Yes Yes No No No No No No Yes No No Yes No No Yes Yes
Conversation No No No No No No No No Yes Yes Yes Yes Yes Yes Yes Yes
Task Segmentation No No No No Yes Yes Yes Yes No No No No No No Yes Yes
Explanation No No No No No No No No Yes No Yes Yes Yes Yes Yes Yes

Table 1. Recently, there has been a significant increase in comparative studies of 3D segmentation models and large multimodal models
(LMMs), highlighting their potential for 3D reasoning and conversations. In reasoning queries, these models need to autonomously analyze
tasks and generate text or perform corresponding actions. In terms of segmentation, some models respond using 3D segmentation masks,

while others focus on providing conversation-style answers.

8 Can you segment the part of a fish that helps it
maintain balance in the water in this image? Please
output the segmentation mask and explain why.
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which contributes to its ability to
maintain balance and navigate its
surroundings

Figure 2. The overview of Reasoning3D. First, a 3D model represented by 3D meshes is fed into a renderer to obtain multi-view images.
Then, each image goes through a vision backbone and a multi-modal LLM along with user input queries. The decoder decodes the final
layer embedding which contains the extra token, thus producing K segmentation masks. We also extract the bounding boxes in this stage.
Finally, a specially designed mask-to-3D segmentation algorithm elevates the projections back into the 3D space.

training accessible in vision-language models, akin to prior
methodologies capitalizing on pre-trained vision-language
models for 3D visual tasks. The input for this process is
mesh F' = {f,}_,, which is composed of N sets of faces
fn- During this rendering process, the 3D model is converted
into multiple 2D images X,y = {z;}}_, from various per-
spectives. In addition to generating these 2D images, the ren-
dering process also produces corresponding face ids for each
image. These face ids serve as a crucial link between the 2D
images and the original 3D mesh. Specifically, they form a
mapping matrix W), that connects each pixel P = {p;}4,
in the 2D images to a specific face f,, on the 3D mesh, en-
suring ensures that the 2D and 3D data remain accurately
aligned. The process is formulated as follows:

k
P=Wy > fa M
n=1

where P represents the pixels in the rendered images, and

fn» represents the faces of the 3D mesh from the viewpoint.
Denoted by k, the face id W),¢ connects the pixels P in the
rendered image and the faces of the 3D mesh f,, visible in
the current view.

2.2. Reasoning and Segmenting with User Input
Prompt

Unlike previous methods (CLIPSeg[23], LSeg[16], and
GLIP[17]) which can handle open-vocabulary explicit
prompt, our method aims to handle the implicit prompt such
as ”Can you segment the appropriate parts of the image
containing a ’caged bird’?” Here, we leverage the recent
advances of large foundation models to perform this multi-
modal reasoning task.

Following Lai[15], we extend the original LLM vocabu-
lary with a new token, {SEG,, which denotes a request for
segmentation output. Given the user-input prompt question
Xguestion and the input image X4, these are input into
the multimodal LLM F' s, which subsequently outputs the



textual response Yy, swer- The process is formulated as:

Yanswer - FM]\/I (Ximga Xquestion) (2)

Next, the generation of segmentation masks correspond-
ing to the input images involves a series of steps. Firstly,
we extract the embedding Eanswer corresponding to the
iSEG, token from the output answer textual Yy, syer- This
step enables us to capture information relevant to the seg-
mentation task from the language prompts. Subsequently,
we process Eanswer through the MLP + projection layer to
obtain the feature vector Eysper- Concurrently, utilizing
a visual backbone network F;, we extract visual embed-
dings Ej,g from the visual inputs Xj,,,,. Finally, we feed
both the feature vector F,,swer and the visual embeddings
Ejyng into the decoder Fyy... The decoder Fi utilizes these
features to generate the final segmentation mask M and con-
fidence scores Sy for each mask. This yields segmentation
results based on both language prompts and visual informa-
tion, where each segmentation mask is accompanied by its
respective confidence score and corresponding answer tex-
tual. The detailed structure of the decoder follows Segment
Anything[14]. The process is formulated as follows:

Eanswer = 'YEanswer

Eimg = vb(Ximg) (3)
M7 SIW = Fdec(Eanswer7 Ezmg)

2.3. Mask Fusion and Refinement in 3D

The obtained 2D segmentation mask eventually needed to
be fused in 3D space to obtain the desired 3D segmentation
result. We find that the result from directly merging the multi-
view segmentation may not be coherent and high-quality
due to the accumulated error and lack of comprehensive
multi-view 3D information. Therefore, we designed a multi-
stage fusion and refinement mechanism to fully exploit the
semantic information and viewpoint information to obtain
better 3D segmentation results.

First, we use the top-k method to filter the generated
masks to reduce errors in 2D segmentation. Specifically,
if the area difference between two masks is greater than a
certain threshold T, we select k=1, indicating that is the mask
(the most salient part) we want, we generate a bounding box
that fits with the mask, otherwise, we select multiple masks
and generate multiple bounding boxes. The filtered top-k
masks S, the corresponding confidence scores Sy, and the
face id is then used as the input to the fusion algorithm. We
use the mapping relationship ¥/, s that maps the 2D image
mask regions onto the faces of the 3D mesh, resulting in an
initial segmented mesh. Note that only the masks within the
generated bounding box are involved in the fusion process.

Following [1], we smooth and refine the segmenta-
tion boundaries, reducing noise and errors with Gaussian
Geodesic Reweighting. Subsequently, we apply the Visibil-
ity Smoothing technique to eliminate discontinuities caused
by changes in viewpoints, ensuring that the segmented mesh
appears natural and coherent from all angles. Finally, we
use a Global Filtering Strategy that filters out the masked
regions with low confidence scores.

Specifically, for each 2D mask M, we estimate its central
face Gg , where 7 denotes the view and j denotes the mask
within the view. For the 3D mesh under the current view,
we retrieve the vertices of all faces corresponding to the
current mask and compute their area-weighted average. This
average point is then projected onto point F', and the face
F! containing this projection is identified as the central face
for the current view and mask. Subsequently, we calculate
the geodesic distance vector d/ € R™ from the central face
Gz to Ff for all faces in f € Ff . Here, N represents the
number of faces in the mesh for the current mask.

ﬂ@:{MMK&ﬂ,ﬁfew @

0, otherwise

where gdist(-, -) represents the geodesic length between two
faces computed using a heat method [4] on mesh F'. The
geodesic distance between mesh faces measures the path
length along the surface from one face to another.

Next, we fit a Gaussian distribution on the distances and
calculate the corresponding probability density values given
the geodesic distances between each face and the uppercase
face.

vl = €[(d; i, (07)%),d € dJ] (5)

(2

where u{ and a{ represent the mean and standard deviation
of the distances to dZ , respectively. Subsequently, we tally
the number of times n each face in the mesh is segmented
in each view. Finally, we multiply the frequency of each
face by the corresponding probability density, and then by
the corresponding confidence score Sy, to obtain the final
confidence for each mesh face.

However, using only the above method may result in in-
sufficient weighting around the central face G?, especially in
regions where the average distances between faces are large.
To address this issue, we compute its local neighborhood,
where neighbors are determined by mesh connectivity: if
two faces share at least one vertex, then face m is considered
a neighbor of face n. To achieve this, we construct a g-rank
neighborhood N, (n) (¢ = 5) as follows. For face m € F,
if there exists a path on the graph connecting m and n with
at most g other vertices along the path, then we include face
n € F' in the neighborhood.



Finally, we adopt a global filtering using the calculated
threshold. We filter out masked regions with low confidence
scores. The threshold is the mean confidence score calcu-
lated for every face.

3. Experiment

3.1. Experimental Setup
3.1.1. Dataset and Evaluation Metric:

Since there are no existing zero-shot reasoning 3D segmen-
tation benchmarks, we first evaluated the zero-shot open-
vocabulary segmentation performance on the FAUST[2]
benchmark (an open-vocabulary 3D segmentation bench-
mark) proposed in SATR[1]. We also validated the effec-
tiveness of our method on reasoning 3D segmentation by
our collected in-the-wild data from SketchFab. The FAUST
dataset consists of manually annotated registered meshes of
human body scans, re-meshed independently for each scan
to contain approximately 20K triangular faces. We randomly
collected samples from the 3D modeling website SketchFab
and asked human volunteers to give implicit segmentation
commands. For the evaluation metric, we employ the mean
Intersection over Union (mloU) for semantic segmentation
as described in [39] for qualitative evaluation for each se-
mantic category across all test shapes in open-vocabulary
3D segmentation. For the reasoning 3D segmentation, the
result is visualized and rated by the user.

3.1.2. Implementation Details:

We utilized a single NVIDIA A100 GPU for each set of
experiments. During the rendering process, we centered
the input mesh at the origin and normalized it within a unit
sphere. We evenly sample 8 images horizontally around all
360 degrees, maintaining consistency in viewpoints across
all experiments. During the rendering process, we used a res-
olution of 1024 x 1024 and set a uniform black background
color. Multiple reasons (or explanations) will be generated
in each view to give a comprehensive understanding of the
object, and users can choose one as the desired answer.

3.1.3. Comparison Experiments for Open-Vocabulary
Segmentation:

Since there is no existing reasoning 3D segmentation ap-
proach that can be compared, we first compared our method
with existing open-vocabulary 3D segmentation models such
as SATR[ 1] and 3DHighlighter[5] following the protocol in
[1] but use the same rendering protocol in our method. As
illustrated in Tab. 2 and Tab. 3, We show that though not
designed for open-vocabulary segmentation tasks and with-
out fine-tuning or specially designed structure, our method
achieves competitive performance in the open-vocabulary
segmentation benchmark. As shown in Fig. 3.

Model Backbone Arm Head Leg  Torso
3DHighlighter CLIP 28.60 1420 1490 8.20
SATR GLIP 61.54 76.89 8741 52.32
Ours LISA 52.73 70.61 80.10 46.69

Table 2. Performance on the coarse-grained semantic segmentation
on FAUST dataset

Model Arm  Belly button  Chin Ear  Elbow Eye Foot  Forehead —
3DHighlighter 18.39 1.99 046 072 0.08 0 20.81 0.70 —
SATR 24.23 22.00 26.53 3455 33.67 2255 7520 30.35 —
Ours 21.65 1.87 336 1061 18.18 277 71.85 6.56 —
Model Hand Head Knee Leg Mouth Neck Nose Shoulder Torso
3DHighlighter ~ 0.02 3.49 6.17 391 0.05 1.94  0.07 0.04 7.28
SATR 75.11 40.31 46.96 565 2046 22.01 3741 24.41 50.52
Ours 43.15 38.56 1395 5958 412 1188 55 9.6 45.07

Table 3. Performance on the fine-grained semantic segmentation
on FAUST dataset

3DHighlighter SATR GT  3DHighlighter SATR Our

1
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Figure 3. Qualitative results and comparison between our method
and baseline method in FAUST benchmark. The segmented regions
are shown in red.
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3.2. Performance in Reasoning 3D Segmentation

A better property that our method has compared to exist-
ing open-vocabulary segmentation is that our method can
use natural language as the input information. The LLM
parses the natural language and gives the segmentation re-
sult directly, which enables a more natural and convenient
computer-human interaction experience. An example is
shown in Fig. 4. The models are from the FAUST dataset.

AN

in's arms and hand in *Can you segment the man’s head in this C: d the

Figure 4. A natural language command can make the model seg-
ment the desired regions. The segmented regions are shown in red.

In the open-vocabulary segmentation, only explicit seg-
mentation command is given, in which Reasoning3D’s po-
tential has not been fully exploited. We randomly collect 3D
models from the 3D modeling website SketchFab perform
the assessment with these in-the-wild 3D models and let hu-



man volunteers give “implicit” segmentation commands. Fig.
| and Fig. 6 show some examples. The examples show that
Reasoning3D has the capabilities to offer in-depth reasoning,
3D understanding, part segmentation, and conversational
abilities. The model can output the segmentation masks and
the explanation as we desire.

To better allow users to interact with our system, we
also designed a User Interface (UI) so that users can input
arbitrary 3D models and their desired prompt to segment the
desired region. (Fig. 5) This UI will also be open-sourced.

Figure 5. We offer a user-friendly interface designed for perfor-
mance assessment, facilitating the easy upload of 3D models and
prompts by users. It enables the swift acquisition of 3D segmenta-
tion outcomes. This tailored software is available as open-source.

What part of a fish can move it forward quickly in this

Can you segment the part that is essential if you want to hear
image? Please output segmentation mask and explain why. his

In the picture, the part of the fish that allows it to move forward
quickly is its tail. The tail is an essential part of a fish's anatomy
that helps it swim efficiently through the water. By flexing its
tail back and forth, the fish can generate force and propel itself
forward, enabling it to move quickly through the water.

@< @

Can you segment the supporting part and explain why?

phone handset, which
object shaped like a hous
connected to the phone. The
handset is the part of the phone
that captures your voice and
allows you to hear the person on
the other end.

Can you segment the supporting part in this image? Please
output segmentation mask and explain why.

In the image, the table s a rectangular wooden dining table The segmentation result is <SEG>. In the image, the bed is a
with a flat top and four leg: port. The legs of the table

metal bed frame with a mattress on it. The bed is placed on a
can be scen at the comers, providing stability and structure to el
the table.

o -Be I R

Figure 6. This figure shows Reasoning3D’s ability to segment 3D
object parts (in a fine-grained manner) from in-the-wild samples,
including real-world scanned data (samples are randomly collected
from SketchFab). These examples highlight Reasoning3D’s ad-
vanced capabilities in in-depth reasoning, comprehensive 3D un-
derstanding, precise part segmentation, and robust conversational
abilities. The original mesh and the segmentation result are visual-
ized, and the segmented region is highlighted in Red.

4. Discussion and Limitations

This research represents preliminary findings in the task of
reasoning 3D segmentation, and several areas require further
exploration and validation. One major aspect is the need
for comprehensive benchmarking to rigorously evaluate our
method’s performance. Additionally, conducting user studies
will provide valuable insights into the practical applicability
and usability of our approach.

Our findings indicate that view information plays a criti-
cal role in the performance of 3D segmentation tasks. Op-
timizing view selection to align with the pre-trained vision
encoder could significantly enhance outcomes. This suggests
that a strategic approach to view selection is essential for
leveraging the full potential of the pre-trained models.

The flexibility of our method is noteworthy, as the LVLM
can perform zero-shot inference without the need for addi-
tional training. While fine-tuning with data could potentially
improve performance, we observed that fine-tuning with a
very small dataset might negatively impact the network’s
generalization ability, sometimes resulting in poorer perfor-
mance compared to fine-tuning. It is also worth noting that
our multi-view 2D segmentation and 3D projection method
can be applied to scenes, which will be beneficial for more
real-world applications.

To foster further advancements and collaborative innova-
tion in 3D reasoning and segmentation, we are releasing our
code. We encourage the community to build upon our work
and develop improved methods.

5. Conclusion

This paper introduces a new task: Zero-Shot 3D Reasoning
Segmentation for part searching and localization within ob-
jects. This new approach moves beyond the constraints of
traditional category-specific 3D semantic segmentation, 3D
instance segmentation, and open-vocabulary 3D segmenta-
tion. We have developed Reasoning3D, a simple yet effective
baseline method that can understand and perform complex
commands to segment specific parts of 3D meshes with con-
textual understanding and reasoned outputs for interactive
segmentation.

Reasoning3D leverages pre-trained 2D segmentation net-
works in conjunction with Large Language Models (LLMs)
to interpret user queries in a zero-shot manner. Previous
studies have shown that extensive pre-training equips foun-
dational models with a broad understanding of the world,
enabling them to process complex commands. Our method
harnesses this capability, allowing for effective 3D segmenta-
tion with limited 3D datasets, making it a resource-efficient
solution.

Our experiments demonstrate that Reasoning3D is gener-
alizable and capable of accurately localizing and identifying
parts of 3D objects based on implicit textual queries. This
includes both articulated 3D objects and real-world scanned
data. Additionally, our method can produce natural language
explanations for the segmented 3D models and their compo-
nents. The training-free nature of our approach facilitates
rapid deployment and provides a robust baseline for future
research in part-level 3D object understanding. This has po-
tential applications across various domains, such as robotics,
object manipulation, part assembly, autonomous driving,
augmented and virtual reality (AR/VR), and medical fields.



We have released the code, model weights, deployment

guide, and evaluation protocol to encourage further innova-
tion and collaboration.
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