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Abstract

3D panoptic scene understanding seeks to create novel view
images with 3D-consistent panoptic segmentation, which is
crucial for many vision and robotics applications. Main-
stream methods (e.g., Panoptic Lifting) directly use machine-
generated 2D panoptic segmentation masks as training labels.
However, these generated masks often exhibit multi-view in-
consistencies, leading to ambiguities during the optimiza-
tion process. To address this, we present Multi-view Consis-
tent 3D Panoptic Scene Understanding (MVC-PSU), featur-
ing two key components: 1) Probabilistic Semantic Aligner,
which associates semantic information of corresponding pix-
els across multiple views by probabilistic alignment to ensure
that the predicted panoptic segmentation masks are consistent
across different views. 2) Geometric Consistency Enforcer,
which uses multi-view projection and monocular depth con-
sistency to ensure that the geometry of the reconstructed
scene is accurate and consistent across different views. Ex-
perimental results demonstrate that the proposed MVC-PSU
surpasses state-of-the-art methods on the ScanNet, Replica,
and HyperSim datasets.

Introduction

3D panoptic scene understanding refers to the ability of
computer systems to recognize both categorical “stuff” re-
gions and individual “thing” instances within 3D visual
scenes. This capability supports a range of applications (Sid-
diqui et al. 2023; Hui et al. 2023; Xie et al. 2024; Hui et al.
2024), such as augmented reality, virtual reality, robot navi-
gation, and self-driving.

Over the past few years, there has been extensive research
on understanding 3D scenes. Early approaches (Xie et al.
2021; Miao et al. 2022; Mei et al. 2022) address this chal-
lenge by converting it into image or video instance segmen-
tation, typically using pre-trained models for 2D scene un-
derstanding to predict panoptic segmentation throughout en-
tire videos. However, image and video segmentation often
face multi-view inconsistency issues, where the instance la-
bels for the same object differ across various views. Main-
stream approaches (Zhou et al. 2021; Xu et al. 2022; Su
et al. 2023) have shifted towards point cloud panoptic seg-
mentation, but these methods depend on manually labeled
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Figure 1: (a) The rendered semantics are consistent and ac-
curate across multiple novel views with Probabilistic Se-
mantic Aligner (PSA). (b) The rendered depth maps across
multiple novel views have more accurate geometric details
with Geometric Consistency Enforcer (GCE). (c) Qualita-
tive comparison on novel views with DM-NeRF (Bing et al.
2023) and Contrastive Lift (Bhalgat et al. 2023).

datasets, which are costly and limited in scope, or they re-
quire accurately scanned point clouds as inputs. Recent ad-
vancements (Liu et al. 2023; Siddiqui et al. 2023; Bhalgat
et al. 2023) focus on performing semantic or panoptic seg-
mentation by extending 2D estimated masks by off-the-shelf
segmentation models to 3D in a neural field manner without



manual 3D annotation. However, these methods are trained
directly using machine-generated 2D panoptic segmenta-
tion masks as labels, which are inconsistent across multiple
views, leading to ambiguities during NeRF optimization.

In this paper, we propose Multi-view Consistent 3D
Panoptic Scene Understanding (MVC-PSU) to address the
challenge of ambiguity and enable rendering 3D-consistent
semantics, instance, color, and depth information for novel
views. Unlike existing methods (Siddiqui et al. 2023; Bhal-
gat et al. 2023) that directly fit the 3D panoptic radiance
field from 2D posed images and machine-generated panoptic
segmentation masks, MVC-PSU further incorporates Proba-
bilistic Semantic Aligner (PSA) and Geometric Consistency
Enforcer (GCE) to enforce multi-view consistency, ensuring
that semantic and geometric information remains coherent
and aligned across different views. Since machine-generated
panoptic segmentation masks often exhibit inconsistencies
and errors across different views, PSA aligns the seman-
tic information of corresponding pixels from multiple views
by probabilistic alignment. This process helps ensure con-
sistency between the input masks and the predicted panop-
tic segmentation masks. As a result, the optimized scene
maintains global semantic consistency, removing ambigui-
ties and errors across various novel views, as illustrated in
Figure 1(a). In addition, we observe that more precise ge-
ometry facilitates both color and panoptic segmentation pre-
diction in the panoptic radiance field. To achieve this, GCE
uses multi-view projection and monocular depth consistency
to ensure that the geometry of the reconstructed scene is both
accurate and consistent across various views. This improves
the quality of the geometric structures, as demonstrated in
Figure 1(b). Overall, as demonstrated in Figure 1 (c), the
multi-view consistency enforced by jointly PSA and GCE
significantly improves the accuracy of the rendered color
and segmentation, leading to more accurate and consistent
3D panoptic scene understanding.

The main contributions can be summarized as:

* We propose Probabilistic Semantic Aligner (PSA) to en-
sure that predicted panoptic segmentation masks are con-
sistent across different views, reducing ambiguities and
errors caused by inconsistent machine-generated labels.

* We propose Geometric Consistency Enforcer (GCE) to
ensure that the geometry of the reconstructed scene is
accurate and consistent across different views, ultimately
enhancing the quality of panoptic segmentation.

» Experimental results indicate that the proposed MVC-
PSU outperforms existing state-of-the-art methods on the
ScanNet, Replica, and HyperSim datasets.

Related Works

Semantic Neural Rendering. Initially, NeRF (Mildenhall
et al. 2020) provides low-level representations of appear-
ance and 3D geometry but lacks higher-level understanding
of scenes, such as semantics and object centers. Semantic-
NeRF (Zhi et al. 2021) is a pioneering method that intro-
duces semantic branches into NeRF to predict semantic la-
bels for any 3D locations, enabling new view synthesis of se-
mantic masks. Further, DM-NeRF (Bing et al. 2023) learns
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object decomposition and manipulation of scenes by using
MLPs to decode spatial locations into object identity vec-
tors. Additionally, a series of works (Kundu et al. 2022;
Fu et al. 2022, 2023; Zhang et al. 2023; Lin 2024) model
each instance by separate MLPs, thus enabling them to han-
dle object perception in dynamic scenes. Note that these
methods rely on ground-truth 2D or 3D labels of the target
scene, and noisy labels may significantly affect their per-
formance. To circumvent the need for expensive ground-
truth labels, Panoptic-Lifting (Siddiqui et al. 2023) uses
noisy panoptic segmentation masks predicted by the pre-
trained Mask2former (Cheng et al. 2022) for supervision.
It adopts segmentation-consistency loss, bounded segmen-
tation fields, and gradient stopping to robustly handle noisy
labels. Similarly, Instance-NeRF (Liu et al. 2023) leverages
Mask2former (Cheng et al. 2022) and CascadePSP (Cheng
et al. 2020) to match the same instances of 2D segmentation
across different views and optimize the generated masks,
thereby continuously encoding 3D instance information in
the form of neural fields.

Panoptic Segmentation. The task of panoptic segmenta-
tion is first introduced by Kirillov et al. (2019), which
aims to provide a unified understanding of object instances
(thing) and semantic regions (stuff) in images. Inspired by
it, UPSNet (Xiong et al. 2019) integrates panoptic segmen-
tation into a single network with a novel panoptic head
and a parameter-free panoptic merging module, improving
the overall performance and efficiency. Subsequent meth-
ods (Xiong et al. 2019; Zhang et al. 2021; Ren et al. 2021;
Hu et al. 2023) have improved efficiency and performance
through innovations in network architectures and multi-scale
feature integration. Extending panoptic segmentation to 3D
data, such as point clouds or volumetric data, is critical for
applications in autonomous driving and robotics. Early ef-
forts (Lahoud et al. 2019; Narita et al. 2019; Dahnert et al.
2021; Xu et al. 2022) mainly focus on volumetric and point
cloud data, using volumetric fusion and voxel-based repre-
sentations to achieve semantic and instance segmentation in
indoor environments. Subsequent approaches (Engelmann
et al. 2020; Gasperini et al. 2021; Sirohi et al. 2021; Zhou
et al. 2021; Chen et al. 2021) continue to improve 3D panop-
tic segmentation by introducing innovative representations
and aggregation mechanisms. Recently, NeRF-based meth-
ods (Liu et al. 2023; Siddiqui et al. 2023; Bhalgat et al. 2023;
Zhang et al. 2024) focus on performing panoptic segmenta-
tion by extending 2D estimated masks by off-the-shelf seg-
mentation models to 3D in a neural field manner.

Our Approach

Given multi-view posed images Z = {I;}}¥ ; and machine-
generated inconsistent panoptic segmentation masks of a
scene, our goal is to learn a 3D panoptic radiance field that
simultaneously renders 3D-consistent semantics, instance,
color, and depth information for novel views. Figure 2 illus-
trates the proposed MVC-PSU, which incorporates a prob-
abilistic semantic aligner and a geometric consistency en-
forcer to enforce multi-view consistency, ensuring that se-
mantic and geometric information remains coherent and
aligned across different views.
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Figure 2: An overview of the proposed MVC-PSU. Taking multi-view posed images and machine-generated 2D panoptic
segmentation masks as inputs, it learns a 3D panoptic radiance field that simultaneously renders 3D-consistent semantics,
instance, color, and depth information for novel views. To reduce ambiguities and errors caused by inconsistent machine-
generated labels, we introduce Probabilistic Semantic Aligner (PSA) to ensure that predicted panoptic segmentation masks are
consistent across different views. To improve the quality of the radiance field, we introduce Geometric Consistency Enforcer
(GCE) to ensure that the geometry of the reconstructed scene is accurate and consistent across different views.

Scene Representation

For a fair comparison, we choose TensoRF (Chen et al.
2022) to model the geometry and appearance of the scene
and use two small MLPs to model semantics and instances
as in (Bhalgat et al. 2023; Siddiqui et al. 2023).

Neural Radiance Field. TensoRF (Chen et al. 2022) repre-
sents the radiation fields as an explicit voxel grid of features.
Specifically, it uses a geometry grid G, and an appearance
grid G, with multi-channel features per voxel to model the
volume density ¢ and view-dependent color ¢ = (r,g,b),
respectively. By using the vector-matrix decomposition, G,
and G, are decomposed into compact components. The den-
sity tensor can be factorized as

z : X YZ Y XZ A XY
go‘ = Va,k o Ma,k + Vo',k: o Ma,k + Vo,kt o Mo,k
k

= va,k OMJ,k

k meXYZ

ey

where v, and Mgfk are the k" vector and matrix factors
along the corresponding spatial axes m. Noted, m represents
the two axes orthogonal to m (e.g. X = YZ). The appear-
ance tensor has an additional feature basis vector b corre-
sponding to the feature channel dimension

Ge=Y_ > vIloMIoby

k mexXyz
The volume density o can be directly obtained by lin-
ear interpolation of G,. The appearance features G. can be
converted to color ¢ through a small MLPs function S. In
particular, given a 3D point x = (z,y, z) and ray direction
d = (0, ¢), the corresponding volume density and color are

Ox = ga (X) (3)

@
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Cx = S(QC(X), d) (4)
where G, (x) and G.(x) are the density and multi-channel
appearance features calculated by linear interpolation.
Volumetric Rendering. To render a pixel, a ray r is cast
from the camera center o through the pixel along the view
direction d. Then, K points {x; = o + tkd}szl are sam-
pled along the ray and fed into G, and G, to query density
and color { (o, ck)}le. Finally, the pixel color ¢ and depth
value d for the ray r are rendered using numerical integra-
tion as

K

&= Ti(1 —exp(oxdi))ck ®)
k=1

R K

d =" Ti(1 —exp(oxdi))tr (6)

b
I
—

where T}, = exp (— Zf:_ll ok6k> is the accumulated trans-

mittance and 0y, = t; —t_1 represents the distance between
adjacent sampling points.

Following (Siddiqui et al. 2023; Bhalgat et al. 2023), we
further design two MLPs for learning the semantic and in-
stance fields, which are formalized as view-invariant func-
tions that map 3D spatial coordinates to semantic and in-
stance distributions. The semantic logit s for the ray r is cal-
culated by volume rendering as

K

§= ZTk(l —exp(0k0k)) f (xk)

k=1

@)

where f(-) represents the learned MLPs for the semantic dis-
tributions. Similarly, we can obtain the instance logit.



Probabilistic Semantic Aligner

To reduce ambiguities and errors caused by inconsistent
machine-generated labels, we introduce the probabilistic se-
mantic aligner to enforce the optimized scenes to be seman-
tically globally consistent. Specifically, we first use a pre-
trained dense matching model for correspondence genera-
tion, which infers pixel correspondences between training
views. Based on this explicit connection between views, we
further design multi-view semantic consistency to encourage
the panoptic radiance field to generate consistent semantic
masks for the same object across different views.
Correspondence Generation. Using pixel correspondences
between training views as priors is widely applicable and
cheap. As long as there are enough regions of texture overlap
in the image pairs, any classical or learned matching method
can estimate pixel-to-pixel correspondences. In practice, we
use a pre-trained dense correspondence regression network
PDC-Net (Truong et al. 2021), which predicts a matched
point with a confidence score for each pixel based on an
input image pair. In particular we predict M matching re-
lations {(pm, wm)}m , for each pixel p, in the image L;,
where p,, is the matched pixel in other training views and
Wy, 1s the corresponding confidence score.
Multi-view Semantic Consistency. Given the pixel p, €
I;, a pre-trained 2D segmentation network is first applied to
generate corresponding probability distribution s, over the
semantic classes with a prediction confidence score c,. Sim-
ilarly, we can obtain the probability distributions and con-
fidence scores { (sm,cm)} , for the matched pixels. As
shown in Figure 3, we show an example of warping two
matched images (rows 2 and 3) towards the target image
(view 7) based on the predicted matching relations.

Then, we compute the average machine-generated seman-
tic information s,,, among s, and the matched probability
distributions {s,, }}1_,

M
Zm:l
5=t Emtm + o

Savg 15 a Tobust semantic label obtained by weighted aver-
aging the semantic information from multiple perspectives,
thereby avoiding the influence of a few erroneous perspec-
tives. According to Eq. 7, the semantic logic S, of pixel p,
and the semantic logics {8,,}}_, of its matched pixel can
be rendered. We further calculate the average rendering se-
mantic information 8,e

SmCmWm + SaCa

®)

Savg =

M A ~
Y et SmWm + 84
M
Zm 1wm + ]'

Save can be regarded as the most probable predicted se-
mantic category for pixel p, and all matched pixels. To op-
timize the panoptic field, we utilize two Cross Entropy (CE)
losses, each assessing the difference between the rendered
semantic logits {8,,}_ and either Savg O Sayg

(€))

Savg =

1 M M
L?gnantic = M +1 Z CE Sm,San + z CE Sma Savg))
m=0

(10)
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Figure 3: An example of dense matches predicted by PDC-
Net (Truong et al. 2021). PDC-Net predicts the dense match-
ing relations between the target (view ¢) and matched im-
ages. In columns 2 and 3, we show two warped RGB and
semantics towards the target, respectively.

where §9 = §,. By aligning semantic information across
views, we optimize a globally consistent panoptic field to
reduce the ambiguity introduced by machine-generated se-
mantic labels.

Geometric Consistency Enforcer

We observe that more precise geometry facilitates both color
and panoptic segmentation prediction in the panoptic radi-
ance field. To achieve this, we further introduce the geo-
metric consistency enforcer, which uses multi-view depth
consistency and monocular depth constraint to ensure that
the geometry of the reconstructed scene is both accurate and
consistent across various views.

Multi-view Depth Consistency. First, we encourage the re-
constructed 3D geometry to align well with the depth ren-
dered from multiple views by enforcing the geometric con-
sistency of corresponding points in different views. Specif-
ically, given the pixel p, € I,, we can compute the depth
value d,, according to the Eq. 6. Similarly, we can obtain the
depth values {d,,}M_, for the matched pixels {p,, }_,.
Let P; and K; be the world-to-camera transform and in-
trinsic matrix for image I;, respectively. Using the rendered
depth value d, of pixel p,, the corresponding 3D point x,, in
world coordinates can be derived as x, = P; 'K; ' (p, - da),
where p,, corresponds to the homogeneous representation
of p,. The 3D point x, is then projected into the view of
the matched pixel to obtain the corresponding projection
depth, i.e., Py, - Jam = K,,P.»x,, where p,,,, and (fam
are the matched pixel coordinate and depth obtained by pro-
jection, K,,, and P,,, are the intrinsic matrix and world-to-
camera transform of p,,,. Theoretically, the prOJected depth
dam should be consistent with the rendered depth dpm . By
applying this depth constraint to all the matched pixels, we



Methods ScanNet Replica HyperSim
mloUT | PQ**"® 1| PSNRT | mIoUT | PQ**™ 1| PSNRT | mloU? | PQ***" 1| PSNRT
SemanticNeRF (Zhi et al. 2021) 59.2 - 26.6 | 58.5 - 248 | 58.9 - 26.6
Mask2Former (Cheng et al. 2022) 46.7 - - 524 - - 53.9 - -
PNF (Kundu et al. 2022) 53.9 48.3 26.7 | 515 41.1 29.8 | 503 44.8 27.4
DM-NeRF (Bing et al. 2023) 49.5 41.7 27.5 | 56.0 441 269 | 57.6 51.6 28.1
Panoptic Lifting (Siddiqui et al. 2023) | 65.2 58.9 28.5 | 67.2 57.9 29.6 | 67.8 60.1 30.1
Contrastive Lift (Bhalgat et al. 2023) | 65.2 62.3 283 | 67.0 59.1 293 | 67.9 62.3 30.0
MVC-PSU (Ours) | 686 | 631 | 289 | 68.7 | 594 | 311 | 698 | 62.7 | 308

Table 1: Quantitative comparison on the ScanNet, Replica, and HyperSim datasets, measured by mloU, PQ**"¢, and PSNR.

The best results are highlighted in bold.

design the multi-view depth consistency as

1M
(I;levpth: M Z Hdam_dm”% (11)
m=1
where || - ||3 represents the mean square error. By minimiz-

ing the differences between the projected depth and rendered
depth, we align the reconstructed 3D geometry with depth
maps rendered from different views, which helps to accu-
rately reconstruct the scene geometry.

Monocular Depth Constraint. Inspired by (Deng et al.
2022; Chung, Oh, and Lee 2024), we further use the depth
maps predicted from a pre-trained monocular depth estima-
tor as additional supervision to encourage geometric con-
sistency within the view. Specifically, the pre-trained Dense
Prediction Transformer (DPT) (Ranftl et al. 2021) is first
used to generate the monocular depth map D for each train-
ing view I. Subsequently, to alleviate the constrain posed by
inconsistencies in absolute depth values, a softened depth
constraint based on pearson correlation (Zhu et al. 2023) is
introduced, which mitigates the scale ambiguity between the

rendered depth map D and the estimated depth map
Cov(D, D)

Var(D) Var(D)

mo __
depth —

12)

Although the absolute depth scale predicted by the DPT
model is inaccurate, this relative relationship contains a rel-
atively accurate 3D consistency that can regulate the opti-
mization of the radiance field.

Optimization
The overall loss can be formulated as
L = Leolor + Adep(ﬁggéth + ggmh) + Asem ;I;}nantic

(13)
+ /\imﬁinstance + )\segﬁsegment

where Agep, Asem» Aint, and Ageq are scalar hyperparameters,
which control the weights of different parts. In the experi-
ments, we set Agep = 1, while Agem, Aine, and Ay; are each
set to 0.1. Linstance and Lyegmen are the instance segmenta-
tion loss and segment consistency loss proposed in Panoptic
Lifting (Siddiqui et al. 2023), respectively. Lo is used to
train the radiance field by minimizing the photometric mean
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square error between the ground truth pixel color ¢ and the
rendered color ¢

Ecolor: ||C*é”§ (14)

Experiments
Datasets and Metrics

Datasets. Following Panoptic Lifting (Siddiqui et al. 2023),
we conduct experiments on three public datasets: Scan-
Net (Dai et al. 2017), Replica (Straub et al. 2019), and Hy-
persim (Roberts et al. 2021). Ground truth poses provided
by each dataset are used, while ground truth semantic and
instance labels are employed solely for evaluation and not
for training or model refinement. For a fair comparison, we
follow the experimental settings of Panoptic Lifting (Sid-
diqui et al. 2023) and generate 2D panoptic segmentation
masks by the pre-trained Mask2Former (Cheng et al. 2022)
as training labels. All three datasets contain 21 categories (9
thing + 12 stuff), where the available posed images in each
dataset are divided into 75% for training views and 25% for
testing views sampled in between.

Metrics. We use the peak signal-to-noise ratio (PSNR) and
the mean intersection over union (mloU) to evaluate the
realism of the synthesized novel views and the accuracy
of semantic segmentation, respectively. Panoptic segmenta-
tion quality is measured with a scene-level Panoptic Quality
(PQ®¢"®) metric (Siddiqui et al. 2023), which considers the
consistency of instances across different views.

Main Results

We compare with other state-of-the-art methods on Scan-
Net, Replica, and Hypersim datasets. Following the data pre-
processing steps of Panoptic Lifting (Siddiqui et al. 2023),
all methods are trained using the same set of images and
machine-produced 2D panoptic segmentation masks.

Quantitative Results. We report quantitative comparison
results on the three datasets in Table 1, which show that the
proposed MVC-PSU significantly outperforms other state-
of-the-art methods. Moreover, although we use the same un-
derlying TensoRF architecture as Panoptic Lifting (Siddiqui
et al. 2023), our method improves PSNR by 0.6, 1.5, and 0.7
on ScanNet, Replica, and Hypersim datasets, respectively.
We attribute this to the improved geometric quality of the
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Figure 4: Qualitative comparison on the ScanNet dataset against four baseline methods. Note that SemanticNeRF (Zhi et al.
2021) does not predict 3D instance segmentation. Ground truth depth maps are sourced from depth cameras.

reconstructed radiance field achieved by the proposed geo-
metric consistency, thus improving the performance of novel
view synthesis. In addition, Table 1 also shows that com-
pared to the second-ranked method Contrastive Lift (Bhal-
gat et al. 2023), the proposed method has significant im-
provements in terms of both mIoU and PQ***" on all three
datasets. In summary, our method can effectively improve
the quality of panoptic segmentation and reconstruction by
enforcing multi-view consistency.

Qualitative Results. Figure 4 shows the qualitative com-
parison results with SemanticNeRF (Zhi et al. 2021), DM-
NeRF (Bing et al. 2023), Panoptic Lifting (Siddiqui et al.
2023), and Contrastive Lift (Bhalgat et al. 2023) on the
ScanNet dataset. From the figure, we can see that the pro-
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posed method outperforms all compared methods in both
semantic and instance segmentation tasks and achieves the
best view synthesis quality. As shown in the third row of
the figure, all the compared methods mistakenly identified
the door as a window due to inaccurate machine-generated
panoptic labels. Benefiting from the proposed probabilistic
semantic aligner, our method can be more robust to the noise
in machine-generated labels. Moreover, when faced with ar-
eas with dense objects and similar textures, all compared
methods fail to capture the precise geometry of the objects,
resulting in segmentation errors, as shown in the red box area
in the seventh row of the figure. In contrast, the proposed ge-
ometric consistency enforcer brings significant gains in im-
proving the geometric quality of the reconstructed radiance



Model |PSA MVDC MDC | mloU? | PQ***™ 1| PSNR1

A X X X 64.9 58.8 28.3
B X v v 66.3 60.6 28.9
C v X v 68.1 62.7 28.6
D v v X 67.9 62.5 28.5
E v v v 68.6 63.1 28.9

Table 2: Ablation studies of Probabilistic Semantic Aligner
(PSA), Multi-view Depth Consistency (MVDC), and
Monocular Depth Constraint (MDC) on the ScanNet dataset.
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Figure 5: Quantitative comparison on ScanNet with varying
label noise ratios: (a) mloU results and (b) PQ%®™ results
for different methods.

field, thus boosting the performance of panoptic segmenta-
tion. As explained in (Yu et al. 2022; Lyu et al. 2023), using
only RGB reconstruction loss may lead to under-constraint
when faced with larger and more complex indoor scenes, es-
pecially in areas with few observations and similar textures.

Ablation Studies

Following Panoptic Lifting (Siddiqui et al. 2023), We con-
duct ablation studies to confirm the effectiveness of each
component on the ScanNet dataset.

Effectiveness of Probabilistic Semantic Aligner. We
first perform ablations of removing Probabilistic Semantic
Aligner (PSA), as denoted by Model B in Table 2. Remov-
ing the PSA component reduces the mloU and PQ*"® by
2.3 and 2.5, which indicates that it can effectively boost the
performance of panoptic segmentation. This improvement is
attributed to PSA ensuring that the optimized scene is glob-
ally semantically consistent, thereby reducing ambiguities
and errors caused by inconsistent 2D labels across views
generated by off-the-shelf segmentation models.
Effectiveness of Geometric Consistency Enforcer. The ge-
ometric consistency enforcer uses Multi-view Depth Con-
sistency (MVDC) and Monocular Depth Constraint (MDC)
to improve the geometric quality of the reconstructed radi-
ance field. As denoted by Models C and D in Table 2, re-
moving either the MVDC or MDC component results in a
decrease in performance. In particular, as denoted by Model
A, removing both components leads to a significant decrease
in PSNR, demonstrating that they can improve the perfor-
mance of panoptic scene understanding by improving the
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#MR. | 2 4 6 8 10 12 14

mloUt | 66.4 66.7 67.6 68.3 68.6 68.8 68.8
PQ*™ 1 1609 615 623 629 63.1 63.1 63.2

PSNRt |[28.6 28.7 28.7 28.8 28.9 289 28.9
Time (ms) | 12.3 22.7 34.8 47.2 60.5 754 90.8

Table 3: Impact of the number of matching relations on the
ScanNet dataset.

geometric quality of the reconstructed radiance field.
Impact of the Number of Matching Relations. As men-
tioned above, we predict M matching relations for pixel cor-
respondences in the training views. In this ablation study,
we analyze the impact of different M values on the perfor-
mance. Table 3 shows the corresponding results on the Scan-
Net dataset, which indicates that mIoU, PQ*“", and PSNR
all improve as the number of matches increases. In addition,
the time required to train one iteration also increases signifi-
cantly. To achieve a better trade-off between complexity and
performance, we set the number of matches to 10.
Robustness to Label Noise. To further verify the robustness
of Probabilistic Semantic Aligner (PSA) to inconsistent 2D
machine-generated labels across views, we conduct experi-
ments on the segmentation labels with various noise ratios.
Specifically, we manually randomly change the semantic la-
bels of pixels in M matching relations of all training views
by p percentage points, where p ranges from 10% to 80%
with a step size of 10%. We choose scene0050-02 in the
ScanNet dataset as the test scene and the comparison results
with other competitive methods are shown in Figure 5. The
proposed method achieves the best mloU and PQ®**"® under
all label noise rates, which indicates that the PSA module is
more robust in dealing with labels with different inconsis-
tency levels. In addition, benefiting from aligning semantic
information across views, the performance of our method is
stable when the label noise rate is less than 50%, while the
performance of competing methods drops significantly.

Conclusion

In this paper, we propose Multi-view Consistent 3D Panop-
tic Scene Understanding (MVC-PSU) to address the chal-
lenge of ambiguity and enable rendering 3D-consistent se-
mantics, instance, color, and depth information for novel
views. Firstly, we propose Probabilistic Semantic Aligner
(PSA) to associate the semantic information of correspond-
ing pixels across multiple views through probabilistic align-
ment to ensure that the predicted panoptic segmentation
masks are consistent across different views. Additionally,
we introduce Geometric Consistency Enforcer (GCE) to en-
sure that the geometry of the reconstructed scene is accurate
and consistent across different views by correcting discrep-
ancies in the depth information. Extensive experiments on
the ScanNet, Replica, and HyperSim datasets demonstrate
that MVC-PSU outperforms existing state-of-the-art meth-
ods, validating the effectiveness of PSA and GCE in achiev-
ing consistent and accurate 3D scene understanding.
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