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Figure 1. Comparison between the baseline and our proposed method. Our incremental approach enables adaptation to additional view-
points, which are acquired sequentially, while effectively preventing catastrophic forgetting of the initial training viewpoints, which have
already been obtained, with low computational cost.

Abstract

We propose an incremental learning method for Panoptic
Lifting, a novel view synthesis technique that leverages both
RGB images and panoptic segmentation masks to represent
a 3D scene. While Panoptic Lifting is valuable in appli-
cations such as VR, autonomous vehicles, and robotics, it
faces a challenge when observations are limited (e.g., due
to occlusions), as retraining from scratch becomes compu-
tationally expensive. Our approach incrementally updates
the model to achieve high accuracy with reduced compu-
tational cost. To prevent catastrophic forgetting, a phe-
nomenon where previous learned knowledge is lost during
model updates, We introduce a viewpoint selection algo-
rithm that solves a maximum coverage problem to identify
a subset of viewpoints that maximizes the visibility of the
scene. Experimental results demonstrate a 12% reduction
in computation time compared to the naı̈ve approach, while
effectively preventing catastrophic forgetting.

1. Introduction
Understanding the surrounding environment through com-
prehensive 3D modeling based on sensor-acquired image

data remains a fundamental challenge in fields such as VR,
autonomous vehicles, and robotics. Various applications
benefit from novel view synthesis, and more recently, Neu-
ral Radiance Fields (NeRF) [19] have emerged as a pow-
erful method, generating photorealistic results by modeling
volumetric scene representations.

Beyond RGB-based representation, Panoptic Lift-
ing [27] extends novel view synthesis to panoptic segmenta-
tion [14], providing not only RGB images but also semantic
and instance masks. However, a major limitation of Panop-
tic Lifting, as well as other NeRF-based methods, is that
their performance depends on the quantity and quality of
observation data for model training. When environmental
conditions, such as occlusion and limitations in the obser-
vation process, result in missing viewpoints, the accuracy
of a model trained solely on the initial set of observations
degrades, particularly in areas where observations are insuf-
ficient.

A naı̈ve approach to address this issue is to acquire
additional viewpoint data and rebuild the model from
scratch with the expanded dataset. However, this results in
high computational costs and wastes the previously trained
model, making it impractical for recognizing across the en-
tire scene. Incremental learning offers a more efficient al-
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Figure 2. Our forgetting-free incremental Panoptic Lifting updates
the model using only initial viewpoints (left side of the desk) to
recognize the entire scene, including additional viewpoints (right
side), with sufficient accuracy at low computational cost. Learning
the voxel observations represented by contributes adaptation
to the additional viewpoints, while learning those represented by

, selected from the initial viewpoints maximizing voxel visi-
bility of the scene, prevents catastrophic forgetting.

ternative by updating the model without discarding previ-
ous knowledge. However, this approach introduces the phe-
nomenon of catastrophic forgetting, where the knowledge
implicitly retained in the previously trained model is lost as
the model trains on the additional viewpoint data (Figure 3).

To overcome these difficulties, we propose a forgetting-
free incremental learning framework for Panoptic Lifting
that effectively prevents catastrophic forgetting while re-
ducing computational cost required for model training. Our
approach introduces a viewpoint selection algorithm that
prioritizes selecting a subset of initial training viewpoints to
maximize the coverage of the visible regions of the scene.
This algorithm is formulated as a maximum coverage prob-
lem targeting the visibility of voxel grids in a 3D scene and
is solved using a greedy algorithm. By leveraging this se-
lected subset along with the additional viewpoints for train-
ing, the model is updated efficiently, maintaining its ability
to recognize the entire scene. To summarize, our main con-
tributions are as follows:

• We propose an incremental learning method for Panop-
tic Lifting, i.e., novel view synthesis for RGB images
and panoptic segmentation masks.

• We introduce an efficient viewpoint selection algorithm
that prevents catastrophic forgetting by maximizing the
coverage of visible regions in the 3D scene.

2. Related Work
2.1. Panoptic Lifting
Panoptic Lifting is a novel view synthesis method that gen-
erates not only RGB images from novel viewpoints but also

Overwritten by additional 
viewpoints

Forget the knowledge
from the initial 

training viewpoints

Figure 3. While a model trained only on the initial viewpoints ac-
curately synthesizes segmentation masks for those viewpoints, in-
cremental learning with additional viewpoints causes catastrophic
forgetting, overwriting previous knowledge, introducing noise and
reducing accuracy.

panoptic segmentation masks, using RGB images captured
from various viewpoints of the scene, their correspond-
ing camera pose and machine-generated panoptic segmen-
tation [14] masks as input. Here, panoptic segmentation is
a combination of semantic segmentation and instance seg-
mentation, and it is defined as a comprehensive framework
for image segmentation tasks. Semantic segmentation is a
task of classifying each pixel in an image according to its
object class, providing an overall labeling of the scene’s
content. In contrast, instance segmentation assigns unique
identifiers to each individual object within the image, dis-
tinguishing between different instances of the same class.
As the output of panoptic segmentation, masks are obtained
for objects in the scene, referred to as “things”, as well as
for background elements, referred to as “stuff”.

Panoptic Lifting models a 3D scene using a framework
that takes spatial positions and view directions as input,
similar to NeRF. In addition to predicting view-dependent
color and volumetric density at arbitrary 3D positions,
it also estimates the probability distributions of semantic
classes and instance identifiers. For representing color and
density, Panoptic Lifting employs TensoRF [1], represent-
ing a 3D scene in a tensor format and learning the parame-
ters of its low-rank decomposition to reduce memory con-
sumption and computational cost compared to conventional
MLP-based methods [3, 19, 23] while simultaneously en-
abling high-quality novel view synthesis. Additionally, sep-
arate MLPs are used for predicting semantic classes and in-
stance identifiers, and the model is trained using pseudo la-
bels generated by the Mask2Former [5] model, which has
been pre-trained on the Microsoft COCO dataset [28].

Among the novel view synthesis methods of RGB im-
ages and segmentation masks based on NeRF [4, 15, 27],
Panoptic Lifting currently represents the state-of-the-art
in accuracy. Furthermore, Panoptic Lifting can generate
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3D-consistent panoptic segmentation masks of the scene
from independent 2D panoptic segmentation masks pro-
vided for each viewpoint as input. In cases where conven-
tional panoptic segmentation frameworks are applied inde-
pendently to 2D images captured from different viewpoints
of a 3D scene, regions corresponding to the same “thing”
or “stuff” may be assigned different semantic classes or
instance identifiers, resulting in inconsistencies in recogni-
tion across viewpoints of the scene. In contrast, in Panop-
tic Lifting, the segmentation masks utilized as input from
multiple viewpoints are integrated, allowing the inference
of semantic classes and instance identifiers based on 3D po-
sitions and view directions. As a result, the rendered seg-
mentation masks are more likely to assign consistently the
same semantic class and instance identifier to the same ob-
ject across different viewpoints, making it a more effective
approach for consistent 3D scene recognition from obser-
vations across multiple viewpoints. Due to the advantages
in novel view synthesis methods of RGB images and seg-
mentation masks, we integrate our proposed approach with
Panoptic Lifting.

The overall procedure for recognizing the surrounding
environment as a 3D scene using Panoptic Lifting is out-
lined as follows.

1. Capture images from various viewpoints across the
scene and estimating their camera poses.

2. Estimate panoptic segmentation masks for each image
using a pre-trained Mask2Former model.

3. Train the model using the set of images, panoptic seg-
mentation masks, and their camera poses.

4. Perform novel view synthesis with the model.

The process of acquiring the image to be used as the model
input differs depending on the application. For instance,
in a home monitoring system, an autonomous robot must
understand the indoor environment as a unified 3D scene.
Achieving this comprehensive understanding requires cap-
turing a wide range of images to train a model that repre-
sents the entire space. However, a single traversal of the
environment does not guarantee a complete set of observa-
tions, leaving some areas unobserved. Training the model
on an image set lacking specific viewpoints of the scene is
expected to degrade its inference accuracy in those view-
points. In a naı̈ve approach, additional observation data
for lacking viewpoints need to be captured, and the model
must be retrained from scratch using the entire set of im-
ages. This process discards the initially trained model and
leads to an increase in computational cost as the training
dataset grows. To overcome these challenges, we introduce
an incremental learning approach into Panoptic Lifting.

2.2. Incremental Learning
Incremental learning is an approach that updates the model
with sequentially acquired additional observation data, en-
abling it to adapt to the additional data while preserving
previously learned knowledge. The model is updated by ini-
tializing it with pre-trained weight parameters learned from
previous training data, followed by further training on the
additional data. This approach allows for building a suf-
ficiently accurate model with a lower computational cost
compared to training a model from scratch using both pre-
viously learned data and additional data. However, a crit-
ical challenge in incremental learning is the phenomenon
known as catastrophic forgetting. While the knowledge of
previously learned data is implicitly retained in the weight
parameters, intensive training on additional data overwrites
it, which means that the model “forgets” the previously
learned knowledge. As a result, inference accuracy on pre-
viously learned data is degrade.

To prevent catastrophic forgetting, several methods have
been developed, including Experience Replay [2], which
explicitly retrains a subset of previously learned data, Gen-
erative Replay [11], which explicitly learns data generated
by the pre-trained model or a generative model, and ap-
proaches that incorporate knowledge distillation loss [10]
from the pre-trained model during training. In particu-
lar, the Experience Replay enables noise-free incremental
learning by directly utilizing previously learned observation
data. For this reason, our proposed method adopts this strat-
egy. The loss function LINC(θ) during incremental learn-
ing by Experience Replay, which uses both additional ob-
servation data and a subset of previously learned data, can
be expressed as follows.

LINC(θ) = L(θ,Dselected) + L(θ,DINC), (1)

where θ represents the weight parameters to be updated, ini-
tialized with the weight parameters of the previously trained
model, L is the loss function used for learning, Dselected
is a subset of the previously training data, and DINC repre-
sents the additionally provided data. By explicitly relearn-
ing the knowledge from the previous training data, catas-
trophic forgetting can potentially be prevented.

Several methods [6, 12, 16, 18, 24] have been proposed
for incremental learning in novel view synthesis, consider-
ing the prevention of catastrophic forgetting. Methods that
prevent catastrophic forgetting through knowledge distilla-
tion [10], using a pre-trained model as a teacher, have been
proposed [12, 18, 24], along with approaches that assume
dynamic scenes and provide benchmark datasets [6]. Addi-
tionally, more practical frameworks that estimate the cam-
era pose of newly acquired images [16] have also been in-
troduced. These existing incremental learning approaches
have demonstrated their effectiveness in novel view syn-
thesis, enabling efficient learning of 3D scenes in practi-
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cal scenarios. Building on this, our method extends incre-
mental learning to include RGB image synthesis as well as
panoptic segmentation mask synthesis, enabling more com-
prehensive scene understanding.

3. Forgetting-Free Incremental Panoptic Lift-
ing

3.1. Incremental Learning for Panoptic Lifting
Given a pre-trained Panoptic Lifting model that has been
trained on incomplete observation data for certain view-
points in the scene and newly acquired observation data
from additional viewpoints, incremental learning can be
performed using the weight parameters of the pre-trained
model as the initialization. To achieve forgetting-free incre-
mental learning for Panoptic Lifting by Experience Replay,
it is crucial to select the most significant subset of the ob-
servation data from the initial training viewpoints as input,
ensuring effective novel view synthesis of RGB images and
panoptic segmentation masks. Through this approach, the
model is expected to achieve comparable accuracy while re-
quiring only a minimal amount of training data, thereby re-
ducing computational costs compared to a naı̈ve approach.

3.2. Viewpoint Selection Algorithm for Maximizing
Observed Voxels of the Scene

While various criteria can be considered for selecting the
observation data of the initial training viewpoints, in this
work, we introduce a viewpoint selection algorithm that
maximizes the number of observed voxels in the scene for
forgetting-free incremental Panoptic Lifting. This algo-
rithm is based on the idea that selecting viewpoints covering
a larger visible area of the target scene enables more effi-
cient 3D scene reconstruction. To achieve this, we choose
the subset of pre-training observation data from viewpoints
that cover the largest number of voxels in the 3D space,
and use them for Experience Replay in the incremental
learning step. The 3D scene is modeled as a voxel grid,
with the voxel coordinates corresponding to object surfaces.
Among the candidate viewpoints from the initial training
viewpoints, those that capture the largest number of voxels
not observable from the additional or previously selected
viewpoints are chosen. Since voxel coordinates are com-
puted and stored only for voxels corresponding to object
surfaces, rather than for the entire voxel grid of the scene,
this approach helps reduce memory usage and allows for
efficient parallel computation. This viewpoint selection is
formulated as a maximum coverage problem, where the
number of selectable viewpoints is constrained to maximize
the observed voxels. This problem is addressed using the
greedy algorithm, which yields an approximate solution for
determining the set of observation data used for incremental
learning.

Algorithm 1 Greedy Viewpoint Selection for Maximizing
Voxel Visibility

Require: A set of initial training viewpoints identified by
P = {i | 1 ≤ i ≤ t, i ∈ Z},
a set of additional viewpoints identified by I = {i |
t+ 1 ≤ i ≤ n, i ∈ Z},
a subset of selected viewpoints S(⊂ P )← ∅,
the number of viewpoints to be selected m

1: Calculate the voxel coordinates of each pixel for P, I
◁ (Equation 2)

2: Define voxel subsets corresponding to each viewpoint
V1, V2, . . . , Vn(⊂ V = {j | 1 ≤ j ≤ g, j ∈ Z})
◁ (Equation 4)

3: for i = 1 to m do
4: Update voxels not covered by I, S ◁ (Equation 5)
5: Select the largest voxel subset Vk ◁ (Equation 6)
6: Transfer the viewpoint k from set P to set S
7: end for
8: return Selected viewpoints S

In Algorithm 1, the flow of our algorithm is shown.

3.2.1. Calculation of voxel coordinates of object surfaces
in images

The 3D scene is modeled as a voxel grid with sx × sy × sz
voxels. The s = (sx, sy, sz) is the number of voxels along
each axis in the voxel coordinate system, and wmin and
wmax are vectors whose elements represent the minimum
and maximum values of each axis in the world coordinate
system of the 3D scene.

Let P = {i | 1 ≤ i ≤ t, i ∈ Z} and I = {i | t +
1 ≤ i ≤ n, i ∈ Z} be the set of initial training viewpoints
and the set of additional training viewpoints, respectively.
For each pixel in the images observed from P and I , the
voxel that corresponds to the pixel is identified. Let wh,w

be the world coordinate vector of the voxel corresponding
to a pixel located at image coordinates (h,w). The voxel
coordinate vector vh,w is calculated by Equation 2.

vh,w = ⌊s⊙ (wh,w −wmin)⊘ (wmax −wmin)⌋, (2)

where, ⌊x⌋ is an element-wise floor function to a vector
x, while ⊙ and ⊘ are operators that perform element-wise
multiplication and division, respectively, for vectors of the
same size.

In this study, the camera parameters and depth used to
compute wh,w are assumed to be pre-acquired as part of
the dataset used in the experiments. However, for a more
practical use case, it would be advisable to use depth maps
estimated using COLMAP [26] or those obtained from the
output of a Panoptic Lifting model pre-trained during the
initial observation. In the experiments, the ratio of the num-
ber of voxels s along each axis in the voxel coordinate sys-
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tem is set to match the ratio of the range of each axis in the
world coordinate system, wmax−wmin, with the number of
voxels along the shortest axis fixed at 100. This enables the
identification of voxels in V = {j | 1 ≤ j ≤ g, j ∈ Z} ob-
served by viewpoints in P ∪ I , where g is the total number
of voxels observed from P ∪ I .

3.2.2. Maximization of the number of observed voxels by
maximum coverage problem

Selecting the initial training viewpoints that observes the
largest number of voxels in the space can be formulated as
a maximum coverage problem. Maximum coverage prob-
lem involves selecting at most m subsets from a collection
of multiple subsets to cover as many elements as possible,
which can be expressed as:

max
X

∣∣∣∣∣ ⋃
k∈X

Vk

∣∣∣∣∣ subject to
X ⊆ {i | 1 ≤ i ≤ t, i ∈ Z},
|X| ≤ m.

(3)

In our proposed method, when there are t candidate ini-
tial training viewpoints in P , Vk represents the subset of
voxels observed from the k-th viewpoint, and m corre-
sponds to the number of viewpoints to be selected. Max-
imum coverage problem is known to be NP-hard [21], and
approximate solutions can be obtained using methods such
as greedy algorithm.

3.2.3. Selection of intial training viewpoints using a
greedy algorithm

In our proposed method, the selection of the initial train-
ing viewpoints is performed by solving maximum cover-
age problem, formulated in the previous section, using the
greedy algorithm. Based on each voxel observed by the
initial training and additional viewpoints, identified using
Eq. 2, a binary matrix M is initialized using Eq. 4. In this
matix, the rows correspond to viewpoint identifiers, and the
columns correspond to voxel identifiers.

M
(0)
i,j =

{
1 if i ∈ (P ∪ I) observes j ∈ V

0 otherwise
. (4)

The size of the matrix is n× g, where the row components
correspond to the subset of the voxels Vi observed from
each viewpoint.

The initial training viewpoints used for incremental
learning as input are determined through an iterative selec-
tion process performed m times from the subsets of voxels
defined in matrix M for each viewpoint, where this itera-
tive selection process follows a greedy algorithm.. First, the
voxels that are not covered by the observations from the ad-
ditional viewpoint set I and the selected viewpoint set S are
updated using Eq. 5.

M
(a)
i,j =

0 if j ∈
⋃

i∈I∪S

Vi

M
(a−1)
i,j otherwise

, (5)

where M
(a)
i,j is the value of Mi,j at the a-th iteration (1 ≤

a ≤ m, a ∈ Z). For the union of the voxel subsets observed
by the viewpoints in I and S, the columns corresponding to
the identifiers of these voxels are set to zero. This ensures
that the voxels observed by the viewpoints already selected
for incremental learning are excluded from consideration
in the subsequent viewpoint selection process. In the first
iteration of the selection process, S is an empty set, meaning
that no viewpoints have been selected yet.

Next, for the updated matrix M(a), the viewpoint k that
observes the largest number of voxels among the candidate
initial training viewpoints is selected using Eqation 6. The
subset of voxels subset Vk is then selected, and the selected
viewpoint k is transferred from the initial training viewpoint
set P to the selected viewpoint set S.

k = argmax
i

∑
j

Mi,j

 . (6)

By m times iterating the viewpoint selection process de-
fined by Equations 5 and 6, m viewpoints are selected from
the initial training viewpoints. The viewpoint set I ∪ S are
then used for incremental learning as input.

4. Experiments

4.1. Dataset

We evaluated our proposed method using the Replica [13]
indoor environment dataset. The Replica dataset is a high-
quality synthetic dataset of various indoor scienes, and can
generate data from arbitrary viewpoints by rendering RGB
images, depth maps, semantic masks, and instance masks
from 3D mesh data using the Habitat [25] simulator. In
this experiment, a more complex indoor environment was
reconstructed by adding 3D mesh data of various objects
from the Google Scanned Objects datasets [9], which is
publicly available on the Gazebo [20] platform, to the orig-
inal Replica dataset.

Specifically, by placing additional objects such as chairs
and desks into the indoor environment of “room 0” in the
Replica dataset, we created an environment in which the
initial observation data set had occlusions that made ob-
servation difficult, and we reproduced a situation in which
the need for additional observations became clear. For the
training observations, multiple camera sequences were ran-
domly configured and rendered, simulating a scenario in
which a person or robot capturing images while moving
through the indoor environment. In contrast, for the eval-
uation observations, camera positions and directions were
randomly set to enable evaluation from arbitrary viewpoints
within the environment. We used 947 viewpoints for train-
ing and 200 viewpoints for evaluation.
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4.2. Metrics
The evaluation metrics used in the experiments were PSNR,
mIoU, and PQscene, which were also adopted in Panoptic
Lifting [27]. PSNR is a metric for evaluating the quality
of generated RGB images, while mIoU measures the accu-
racy of multi-class classification in semantic segmentation.
Furthermore, PQscene is a modified version of the Panoptic
Quality (PQ) [14] metric, designed to assess the 3D consis-
tency of class and instance identifiers within a scene.

4.3. Experiment Settings
In our experiments, the dataset was separated into the initial
and additional training viewpoints as stated in Section 4.1.
To evaluate the effectiveness of our incremental learning
method, we compared the following three types of models
in the initial and additional training viewpoints.

• PRE model is a model trained from scratch using only
the initial training viewpoints.

• FULL model is a naı̈ve method model trained from
scratch using both the initial training viewpoints and the
additional viewpoints.

• INC model is our incremental learning model, initial-
ized with the weight parameters of the PRE model and
trained on the additional viewpoints along with a sub-
set of the initial training viewpoints selected by our
voxel-based method, which maximizes the number of
observed voxels. Multiple models are constructed based
on the size of the selected subset from the initial view-
points. As variants, we also compare models trained
with randomly selected subsets and those selected using
farthest point sampling (FPS) [22].

As an implementation detail, to obtain the machine-
generated 2D panoptic segmentation as input to the Panop-
tic Lifting model, we used a Mask2Former model pre-
trained on COCO. For the backbone of Mask2Former, we
employed a Swin-L [17] model pretrained on ImageNet-
21K [8]. Additionally, we mapped the COCO classes used
by this model and the Replica classes to the 31 ScanNet [7]
classes.

4.4. Results
4.4.1. Comparison on the initial training viewpoints
Table 1 presents quantitative comparison of the inference
accuracy of each model on the test set of the initial train-
ing viewpoints, while Fig. 4 shows the comparison of the
rendered RGB images, semantic segmentation masks, and
instance segmentation masks output by each model. Both
the FULL and PRE models were trained on all of the initial
training viewpoints, achieving sufficient inference accuracy

Table 1. Quantitative comparison of the inference accuracy of each
model on the test set of the initial training viewpoints. For the
INC model, “Random”, “FPS”, and “Voxel” refer to the selection
of initial viewpoints for input by random sampling, farthest point
sampling, and our voxel-based method that maximizes the number
of observed voxels, respectively.

PSNR

FULL 32.8 - - - - - -
PRE 32.6 - - - - - -

INC Number of selected viewpoints m
0 5 10 15 20 25 30

Random 14.6 21.2 24.2 25.1 26.2 27.0 28.4
FPS - 15.1 19.2 22.3 25.7 27.3 27.8
Voxel - 26.7 27.4 28.2 28.5 29.2 29.6

mIoU

FULL 0.57 - - - - - -
PRE 0.55 - - - - - -

INC Number of selected viewpoints m
0 5 10 15 20 25 30

Random 0.32 0.47 0.46 0.49 0.42 0.50 0.49
FPS - 0.38 0.46 0.49 0.51 0.56 0.49
Voxel - 0.52 0.51 0.54 0.55 0.55 0.57

PQscene

FULL 0.32 - - - - - -
PRE 0.29 - - - - - -

INC Number of selected viewpoints m
0 5 10 15 20 25 30

Random 0.18 0.21 0.26 0.20 0.28 0.28 0.22
FPS - 0.19 0.29 0.23 0.27 0.31 0.26
Voxel - 0.30 0.27 0.31 0.32 0.31 0.27

across all evaluation metrics. In the INC model, when no se-
lection was made from the initial training viewpoints, train-
ing with only the additional viewpoints caused catastrophic
forgetting, leading to a decline in inference accuracy com-
pared to the PRE model. This is also confirmed by the ren-
dered images, where noise resulting from catastrophic for-
getting can be seen. On the other hand, the models with ini-
tial training viewpoints selected by random sampling, far-
thest point sampling, or our proposed voxel-based method
all prevented catastrophic forgetting through explicit train-
ing on these viewpoints, leading to improved inference ac-
curacy from the PRE model. Furthermore, when compar-
ing cases with the same number of selected viewpoints, our
proposed method consistently achieved higher inference ac-
curacy, demonstrating its effectiveness in preventing catas-
trophic forgetting.
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Figure 4. Comparison of the rendered RGB images, semantic seg-
mentation masks, and instance segmentation masks output by each
model of the initial training viewpoints. For the INC model, we
present the outputs where the initial training viewpoints were se-
lected using our proposed method, with m representing the number
of selected viewpoints.

4.4.2. Comparison on the additional viewpoints

Table 2 presents quantitative comparison of the inference
accuracy of each model on the test set of the additional
viewpoints, while Fig. 5 shows the rendered RGB images,
semantic segmentation masks, and instance segmentation
masks output by each model. Here, to eliminate the noise
caused by the inherent inaccuracy of the Mask2Former out-
puts used as pseudo labels, specifically the semantic mask
and instance mask, we present the results for the INC model
using ground truth (GT) masks as input. In the INC model,
incremental learning with the additional viewpoints im-
proved inference accuracy compared to the PRE model,
confirming the effectiveness of our incremental learning ap-
proach. The rendered images also show that objects un-
recognized in the PRE model are accurately recognized.
Furthermore, since the observation data from the additional
viewpoints used as input to the INC model is unchanged re-

Table 2. Quantitative comparison of the inference accuracy of each
model on the test set of the additional viewpoints. Since the INC
model is trained on all additional viewpoints, its inference accu-
racy at these viewpoints does not depend on the selection method
of the initial training viewpoints. Therefore, only the results ob-
tained using our proposed method are presented in the table.

PSNR

FULL 25.2 - - - - - -
PRE 18.3 - - - - - -

INC Number of selected viewpoints m
0 5 10 15 20 25 30

25.1 25.3 25.3 25.4 25.2 25.4 25.2

mIoU

FULL 0.33 - - - - - -
PRE 0.41 - - - - - -

INC Number of selected viewpoints m
0 5 10 15 20 25 30

0.81 0.87 0.86 0.87 0.87 0.87 0.87

PQscene

FULL 0.30 - - - - - -
PRE 0.29 - - - - - -

INC Number of selected viewpoints m
0 5 10 15 20 25 30

0.36 0.37 0.38 0.42 0.40 0.36 0.39

gardless of how the initial training viewpoints are selected,
no significant difference in inference accuracy was observed
between selection methods.

4.4.3. Computational Time
Table 3 presents a comparison of the average computation
time per epoch during training for each model. We con-
ducted our experiments on a machine with an AMD EPYC
7352 CPU (24 cores, 2.3 GHz), an NVIDIA RTX A6000
GPU (48GB VRAM), and 384GB of RAM. By perform-
ing incremental learning, we reduced the amount of training
data required to build a model capable of recognizing the
entire scene, including both the initial viewpoints and the
additional viewpoints, which led to a reduction in computa-
tional time during training the model. Notably, the compu-
tation time for the INC model that achieved accuracy close
to the naı̈ve approach was reduced to 11–14%.

5. Limitations
Our method confirmed the effectiveness of introducing in-
cremental learning into Panoptic Lifting, but several limita-
tions remain. As stated in Section 4.4.2, the pseudo labels

7101



GT

FULL model

PRE model

INC model
(m=0)

INC model
(m=10)

INC model
(m=20)

INC model
(m=30)

RGB Semantics Instance

Figure 5. Comparison of the rendered RGB images, semantic seg-
mentation masks, and instance segmentation masks output by each
model of the additional viewpoints.

can sometimes be inaccurate (Figure 6). As a result, even
with incremental learning from the PRE model, the INC
model may produce inaccurate inferences, reducing accu-
racy compared to the PRE model. Similarly, at initial view-
points with inaccurate pseudo labels, our method, which
does not consider pseudo label accuracy, may select inac-
curate viewpoints.

6. Conclusion

We have proposed the forgetting-free incremental learning
framework for Panoptic Lifting that prevents catastrophic
forgetting while reducing the computational cost required
for training a model capable of recognizing the entire scene.
Our approach utilizes a viewpoint selection algorithm that
prioritizes selecting the subset of the initial training view-
points to maximize the coverage of the visible regions of
the scene by considering the number of observed voxels.
In the experiments, the effectiveness of our approach was
confirmed, and the computational time required to build a

Table 3. Comparison of the average computation time [s] per
epoch during training for each model. To consider the difference
in computation time caused by incorporating multiple types of loss
functions used during training (in Section 3.3 of [27]) into the
overall loss function, the table presents the average computation
time per epoch when these loss functions are included. Further-
more, since the computation time of the INC model does not de-
pend on the selection method of the initial training viewpoints,
only the values obtained using our proposed method are shown.

Appearance
& semantic
loss

Instance
loss

Segment
loss

FULL 12,857 14,033 13,577
PRE 6,484 9,244 9,576

INC

N
um

be
ro

f
se

le
ct

ed
vi

ew
po

in
ts 0 1,172 1,358 1,603

5 1,295 1,504 1,753
10 1,339 1,525 1,778
15 1,411 1,594 1,838
20 1,380 1,569 1,834
25 1,387 1,601 1,846
30 1,396 1,597 1,860

RGB Semantics Semantics (GT)

Figure 6. An example of inaccurate pseudo labels for input at the
additional viewpoints. In cases where the observation camera is
close to a low-textured surface of an object, such as the flat back of
a chair, pseudo labels tend to be inaccurate. If the front of the chair
is correctly recognized in the PRE model, the inference accuracy
may decrease in the INC model.

model with sufficient accuracy was reduced compared to
the naı̈ve approach. As future work, we consider incorpo-
rating a viewpoint selection algorithm that accounts for the
accuracy of pseudo labels. In addition, exploring its ap-
plicability beyond small indoor scenes, particularly to real
or large-scale environments, and further extending it to dy-
namic scenes would be a valuable direction.
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