


Figure 2. Example of a scene with broken context integrity. When
adding the object class “chair” into a bedroom scene, a reasonable
choice is a vanity chair. However, due to the lack of fine-grained
class labels, a set of dining chairs got added to the bedroom, break-
ing the scene context.

object complexity. The room layouts of synthetic scenes are
mostly regular and clean, while the real-world layouts are
usually cluttered. Moreover, the design of real-world ob-
jects is often more complicated in varieties, with personal-
ized object contexts. Instead of directly learning these data
patterns, we propose a novel augmentation strategy that in-
tegrates objects and scenes from both sim and real domains,
with consideration of the object context. We name it Space
and Context-aware Augmentation (SCA). As a result, we
have circumvented the brutal-force mimic of the real-world
data patterns and obtained an intermediate domain that en-
compasses traits from both the source and target domains,
as illustrated in Fig. 1. The proposed augmentation strategy
is invariant with noise patterns and can be easily expanded
to more complicated scenarios. Moreover, it is not restricted
to sim-to-real domain adaptation but can be applied to any
two domains with a distribution gap.

However, the augmented scenes from the intermediate
domain do not always contribute to the model during train-
ing. We observe that some newly constructed scenes are
not reasonable and can potentially disrupt the overall con-
text integrity. For example, if we place a dining table set
in a bedroom scene (as shown in Fig. 2), the model can be
confused about the room type and misjudge the bed as the
extension of the dining table since it is adjacent to dining
chairs, leading to incorrect predictions. To address this, we
identify common objects for scenes with and without aug-
mentations, applying a consistency objective to ensure uni-
form predictions among common objects. To further refine
the use of augmented scenes, we combine it with a mean-
teacher model for stable, high-quality pseudo-labels and
name it the Consistency-Enforced Self-Supervision (CESS)
module. By combining the proposed SCA and CESS mod-
ules, we enable the semantic parser to gradually adapt to
the target domain while maintaining context integrity and
reducing the impact of augmentation side effects.

Our major contributions are summarized as follows:

i) We propose a novel method SCA to construct an inter-
mediate domain between source and target domains. Our
method is simple and easy to generalize, independent of the
noise pattern of the target data, and can be applied to arbi-
trary domain gaps. ii) We propose the CESS module that
enforces consistency and adapts to the target domain grad-
ually based on a self-supervision framework.

2. Related Work
Unsupervised Domain Adaptation (UDA) is an exten-
sively studied task, in which the goal is to adapt machine
learned models from a label-rich source domain to an unla-
belled target domain. Many UDA methods [43, 61, 66, 79]
try to match the source and target domain distributions by
minimizing their divergence in the feature space. Domain
adversarial learning [15,19,50,67,70,75] is one mainstream
approach, in which the disparity between source and target
feature spaces is mitigated through a domain discrimina-
tor that predicts whether the incoming feature is from the
source or target domain. Another popular genre of meth-
ods [37, 55, 56] is based on the cluster assumption [18]
within the target domain. They follow the assumption
that the boundaries of the classifier should not cross high-
density target data regions [56]. Some approaches employ
self-training and progressively label the data from the target
domain with pseudo-labels [21, 36, 38, 45, 80]. A few more
recent methods [25, 26, 60, 65, 68] employ the contrastive
learning, and show that although the learnt features are not
domain-invariant, they still generalize well to the target do-
main by disentangling domain and class information.
3D Indoor Semantic Segmentation Domain Adaptation.
Compared to the previous efforts [23, 30, 73, 78, 82] on 3D
domain adaptation for outdoor scene parsing, indoor se-
mantic segmentation domain adaptation is relatively new
and less studied [10, 42]. The main reason that outdoor-
based approaches cannot be applied to indoor scenes is
that they often adopt LiDAR-specific range image format.
Differently, indoor scenes are often constructed by RGB-
D sequences [10]. Moreover, the process of scene con-
struction for outdoor and indoor scenes is completely dif-
ferent, resulting in sub-optimal solution applying outdoor
approaches. In [10], they try to mimic the data pattern of
the real data and yield more transferable simulation data.
However, the method has an underlying assumption that the
noise and occlusion patterns can be clearly defined, which
is unrealistic given how diversified real indoor scenes can
be [7, 77]. In this paper, we propose an approach that is
invariant to the data patterns and domain gaps.
Point Cloud Mixing and Mean-Teacher. Point cloud mix-
ing and mean-teacher architecture have been explored in
point cloud segmentation [48] as well as in other cross-
domain tasks such as domain adaptation in point cloud se-
mantic segmentation [59, 83] and indoor domain adapta-



Figure 3. The overall pipeline of CACE. Top: Data flow of source data D s : (X s , Ys); Bottom: Data flow of target data and its pseudo
label D

!

t : (X t , Yp). Note that the ground truth target domain label Yt is unavailable in our setting. Given each batch, we first construct
the intermediate domain with the SCA module by exchanging objects from the source object bank Bs and target object bank Bt . Thus
we obtain the target-augmented source data D [t ]

s and the source augmented target data D [s]
t . After that, in the CESS module, we train the

student model Fs in the supervised branch using D [t ]
s and the teacher model Ft in the supervising branch. We perform a similar process

with D [s]
t . Note that all Fs in the figure share the same weights, and so do all Ft .

tion class-incremental object detection [84]. However, our
method differs from theirs in three key ways: (1) Context-
aware cluster sampling: Mix3D [48] augmented two scenes
by mixing their points directly to create an out-of-context
environment for objects; CoSMix [59], CINMix [83] and
DA-CIL [84] select objects to mix in a scene-agnostic man-
ner, while our cluster sampling component is context-aware.
This means that we consider the spatial relationships be-
tween objects when selecting them for mixing, which re-
sults in more realistic and informative mixed point clouds.
(2) Physics-aware arrangement module: CoSMix, CIN-
Mix and DA-CIL naively copy and paste objects into the
scene when mixing, which can lead to unrealistic place-
ments (e.g., furniture floating in the air or cars overlap-
ping). Whereas, DODA simply breaks and glues different
scenes into a new one as shown in Fig. 1. Our physics-
aware arrangement module ensures that mixed objects are
placed in a realistic and physically plausible manner. (3)
Mean-teacher architecture with consistency loss: CoSMix
and DA-CIL both use the mean-teacher architecture to gen-
erate pseudo labels and self-supervision. However, we fur-
ther utilize the mean-teacher architecture with consistency
loss to reduce the artefacts produced by argumentation.

3. Proposed Method

As shown in Fig. 3, we present a novel training frame-
work for unsupervised domain adaptation for indoor 3D

semantic segmentation, from source to target domain, i.e.
from synthetic to real point clouds. We define NK as the
number of common classes in the source and target domain
datasets, N (i )

t and N (i )
s as the number of points in the i -

th point cloud in the source and target domain datasets,
respectively. In the setting of unsupervised domain adap-
tation, our goal is to train a model with the source do-
main point clouds and labels Ds = {(X ( i )

s , Y ( i )
s )}N s

i =1 ,
where X (i )

s ∈ RN ( i )
s ! dX and Y (i )

s ∈ {0, 1}N ( i )
s ! N K as

well as the target domain point clouds without ground-truth
labels Dt = {X (i )

t }N t
i =1 that predicts the semantic labels

{ öY (i )
t }N t

i =1 , where öY (i )
t ∈ {0, 1}N ( i )

t ! N K , for the target do-
main point cloud Dt . The dimension of point clouds is set to
dX here without loss of generality. We use dX = 3 , which
is the point location in Euclidean space in our experiment.

We aim to adapt the knowledge learned from the source
domain to improve the semantic segmentation performance
on the target domain, without using any labelled data in
the target domain. Our training framework consists of two
modules, Space and Context-aware Augmentation (SCA)
and Consistency-Enforced Self-Supervision (CESS). To
bridge the domain gap between synthetic and real data, we
propose SCA, which creates an intermediate domain that
gradually adapts the semantic parser to the target domain.
SCA incorporates an augmentation algorithm that strategi-
cally places objects from the source domain into the target
domain and vice versa. By carefully selecting and arrang-
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Figure 4. The architecture of SCA module. The Vocabulary Construction component extracts objects from all scenes in training scenes in
dataset D ! and assembles them into a comprehensive vocabulary bank B . Within B , individual queues are designated for each object class,
housing all instances of the class within D ! . We apply online augmentation when training. We first compute the existing objects in a scene
via a Counting Algorithm. Then we estimate the number of objects to be added to the scene via PG . The Extra Object Sampling component
then selectively retrieves objects from the corresponding queues in B , forming an object set C! . Then the Cluster Arrangement ensures a
physics-aware and contextually informed placement of the objects. Without losing generality, D " is the data in ! domain; (X [! ]

" , Y [! ]
" ) is a

scene in ! domain augmented with objects in " domain.

ing objects, SCA preserves both local and global context in
the augmented scenes. While our intent is to maintain scene
context inside the intermediate domain, the addition of ex-
tra clusters can potentially disrupt the scene context. To
address this issue, we introduce the CESS module, which
incorporates a self-supervision head in the model architec-
ture under a Mean-Teacher paradigm. This module effec-
tively mitigates the detrimental effects of the augmented
objects introduced by SCA and generates robust and consis-
tent pseudo labels, enhancing overall model reliability and
coherence. By combining the SCA and CESS modules, our
approach enables the semantic parser to gradually adapt to
the target domain while maintaining context integrity and
reducing the impact of augmentation side effects.

We adopt the two-stage training pipeline in [10]. The
first stage is the pre-training stage, where Fs is trained
with {(X ( i )

s , Y ( i )
s )}N s

i =1 ; the second stage is the self-training
stage. In the second stage, the structurally identical models
Ft and Fs , are initialized with weights of Fs after the pre-
training stage. Since the target data labels {(Y ( i )

p )}N t
i =1 are

not available to the model in our setting, we generate pseudo
labels {(Y ( i )

p )}N t
i =1 with the prediction of Ft on {(X ( i )

t )}N t
i =1

every Nu epoch. {(X ( i )
s , Y ( i )

s )}N s
i =1 and {(X ( i )

t , Y ( i )
p )}N t

i =1
will be used in the self-training stage. Ft will be updated
via the exponential moving average of Fs .

3.1. Space and Context-aware Augmentation (SCA)

As described in Section 1, the domain gap between syn-
thetic data and real scans can primarily be attributed to two
factors: the irregularity of room layout and the complex-
ity of object structure. In order to address the disparity, we
propose a novel augmentation algorithm called SCA that
effectively emulates the irregular layout, and we establish

an intermediate domain by integrating objects and scenes
from both domains to better generalize object structures
from synthetic to real point clouds.

SCA consists of three distinct sub-modules: Vocabulary
Construction, Cluster Sampler, and Cluster Arrange-
ment (Fig. 4). In the vocabulary construction module, a
vocabulary bank is constructed by gathering objects from
scenes, where clusters of points and their labels are estab-
lished. During training, the cluster sampler module selects
clusters from the vocabulary bank that are later incorporated
into each scene. Finally, the cluster arrangement module
places the selected clusters within the scene based on clus-
ter labels, dimensions, and the room layout.
Vocabulary construction. To construct the vocabulary
bank B , given a dataset, we first remove all the points be-
longing to walls, floors and ceilings. In each scene, we clus-
ter points in the Euclidean space with an out-of-shelf clus-
tering algorithm (e.g., details discussed in Suppl. S5). We
define the set of clusters as C = {(X ( i )

c , Y ( i )
c )}N c

i =1 , where
Nc is the total number of clusters in the dataset. Next,
we create a series of queues (Q1, Q2, . . . , QN K ), where
NK corresponds to the number of classes present in the
dataset. Each queue Qk contains clusters with points be-
longing to class k. Formally, Qk can be defined as follows:
Qk = {(X, Y ) ∈ C | ∃y ∈ Y : y = k}. In simpler
terms, Qk comprises all clusters in C that are associated
with points of class k.

In contrast to CINMix [83], where each cluster contains
only points with identical semantic labels, our method pre-
serves local context by grouping neighbouring objects in the
Euclidean space. For example, a dining table and surround-
ing chairs in a dining room are grouped into a single cluster,
reflecting real-world layouts.



Cluster sampling. To generate training samples in the in-
termediate domain, we develop a cluster sampling strategy.
We first sample Nc! classes with replacement and select a
cluster from the vocabulary bank for each selected class. To
preserve global context, our Global-Context-Aware Sam-
pler (GCAS) prioritizes objects based on their likelihood
of appearing in a room (e.g., beds are more likely to be
sampled in rooms with nightstands than with toilets). We
present a probabilistic framework to determine which ob-
ject class fits best into an existing scene, considering the
diversity and number of objects already in place. PG esti-
mate the most suitable class k" to add based on the scene’s
current object occurrence. We de-queue an object from the
queue of the selected class Qk ! and insert it into the scene
using our cluster arrangement algorithm (details provided
later). We then update the object occurrence and re-queue
the object at the end of Qk ! , ensuring all objects in class
k" are cycled through before reuse, promoting balanced and
diverse augmentation. This estimate, insert, and update
process is repeated Nc! times for each scene during aug-
mentation.

We develop PG using a multinomial Naive Bayes clas-
sifier, which takes the number of objects per class as in-
put and outputs the probability a new object of each class
fits into the scene. The classifier is trained on a dataset
that reflects the distribution of object classes across various
scenes, with training samples adjusted to simulate the addi-
tion of new objects. This enables us to assess how changes
in object distribution impact scene composition, enhancing
realistic augmentation. Further details on PG are provided
in Suppl. S2.
Cluster arrangement. To integrate new object classes into
a scene, we propose two strategies. The first arranges ob-
jects within the room, ensuring they occupy available space
reasonably, while the second focuses on wall-mounted ob-
jects like windows and doors.

For the first strategy, clusters are randomly placed in
available space, avoiding collisions. We generate Np can-
didate centre points. Clusters are placed iteratively at each
candidate point, and a point is considered valid if the cluster
does not collide with other objects in the scene. Details of
the validation algorithm are provided in Suppl. S3.

The second strategy arranges clusters on the wall. We
estimate the wall’s normals öNwall and sample Nq candidate
points for cluster placement. The cluster is translated to the
candidate point, and its normal is aligned with the wall’s
normal by rotating around the z-axis. Similar to the first
strategy, each candidate point is tested iteratively. Once the
cluster is installed at the valid point, a 3D bounding box is
created around the cluster. Wall points inside the bounding
box are relabeled as the class of the cluster. Details on the
algorithm are provided in Suppl. S3.
SCA in pre-training and self-training stages. In the

pre-training stage, we construct a in-domain augmented
source scene {(X [s]( i )

s , Y [s]( i )
s )}N s

i =1 by adding a source
bank Bs to source domain. The in-domain augmentation
approach in the source domain aims to replicate the com-
plex and cluttered room layouts frequently encountered in
real-world scenarios, where furniture and objects are dis-
tributed haphazardly rather than organized in a tidy, de-
liberate manner. During the self-training stage, we con-
struct a target bank Bt by utilizing the point clouds X t

from the target domain along with the pseudo labels Yp

generated using the pre-trained semantic parser Fs . To
create an intermediate domain between the source domain
Ds and the target domain Dt , we perform cross-domain
augmentation. This involves creating cross-domain aug-
mented source scenes D [t ]

s = {(X [t ]( i )
s , Y [t ]( i )

s )}N s
i =1 by

adding Bt to Ds and cross-augmented target scenes D [s]
t =

{(X [s]( i )
t , Y [s]( i )

t )}N t
i =1 by adding Bs to D "

t . With the cross-
domain augmentation technique, we not only enhance the
diversity of room layouts, as in the pre-training stage but
also establish an intermediate domain that bridges the gap
between the source and target domains.

3.2. Consistency-Enforced Self-Supervision (CESS)

Given that the pseudo labels Yp generated by the pre-
trained semantic parser Fs may contain incorrect predic-
tions, we introduce the Mean-Teacher framework to miti-
gate the impact of inaccurate supervision, thus enhancing
the reliability of the training process. Furthermore, while
our SCA module is designed to preserve both global and lo-
cal context, the introduction of additional clusters that were
not originally part of the scene can potentially disrupt the
overall context integrity. To address potential inconsisten-
cies introduced by the augmented clusters, we propose a
network head to compensate for such effects.

We introduce the CESS module to tackle these issues.
This module is specifically designed to generate stable
pseudo labels for self-training on the target domain. By en-
forcing consistency between augmented and unaugmented
point clouds, the CESS module helps to maintain the overall
contextual coherence.
Our self-training framework. To address the noise of
pseudo labels which can potentially harm the self-training
process, we employ a Mean-Teacher paradigm [64] with
two models: a teacher and a student model. The two models
have identical architectures and are initialized with weights
acquired from the pre-training stage.

Following [64], the weights of the teacher model are
updated using the exponential moving average (EMA) of
the student model as follows:

! t ← "! t + (1 − " )! s (1)

where ! t and ! s denote the weights of the teacher and stu-
dent models, respectively, and " is a decaying factor con-



trolling the weight updates. In contrast, the student model
is supervised by the pseudo labels of the real scenes, the
ground-truth labels of the synthetic data, and the predictions
of the teacher model. The teacher model can be viewed as
an ensemble of the student models at different times in train-
ing, which provides more consistent and stable predictions.
Common points consistency. To address the potential dis-
ruption to the global context integrity introduced by the
SCA module, we introduce a compensation mechanism dur-
ing training, each sample goes through two branches: the
supervised branch and the supervising branch. In the su-
pervised branch, the point clouds are pre-processed using
the complete augmentation pipeline including SCA, as de-
scribed in Section 3.3. However, in the supervising branch,
the point clouds are not augmented via the SCA module
(Fig. 3). The predictions from the supervising branch main-
tain the integrity of the global context since it is unaug-
mented. We enforce the consistency between the aug-
mented and unaugmented point clouds of a scene, by com-
paring the model outputs of the commonly shared points.
We utilize the normalized output ! g from the supervis-
ing branch to supervise the output ! d from the supervised
branch using mean squared error (MSE):

Lc =
1
N

N!

i =1

"
! ( i )

d − ! ( i )
g

#2
. (2)

3.3. Training and Inference

Pre-processing. To enhance the generalization capability
of our model and prevent overfitting, we employ various
pre-processing techniques commonly used in 3D semantic
segmentation, including the adaptation of Virtual Scan Sim-
ulation (VSS) as described in [10]. Additionally, we apply
other standard pre-processing techniques including random
rotation, scaling, and cropping.
Objective Function. During the pre-training stage, we em-
ploy the cross-entropy loss to supervise the predictions of
Fs using the ground-truth labels of the synthetic data. In
the self-training stage, we introduce the consistency loss Lc

to enforce consistency in the output layers of the original
data and augmented data. Therefore, the overall objective
function contains the cross-entropy loss Ls in the source
domain, cross-entropy loss Lt on the target domain, and the
consistency loss Lc, as defined as Eq. 3.

min L = #sLs + #t Lt + #cLc, (3)

Ls =
1

Ns

N s!

i =1

CE( öY [t ]( i )
s , Y [t ]( i )

s ),

Lt =
1

Nt

N t!

i =1

CE( öY [s]( i )
t , Y [s]( i )

t ),

where #s , #t , and #c are hyper-parameters that control the
relative importance of each loss term.

Inference. We adopt the teacher model Ft for inference
since the teacher model is a temporal ensemble of the stu-
dent model that generates more robust predictions. This
ensemble mechanism enhances the model’s generalization
ability and makes it more resilient to potential noise present
in pseudo labels, ultimately leading to improved perfor-
mance on the target domain.

4. Experiments

4.1. Datasets

The 3D-FRONT dataset is a large-scale repository of
synthetic indoor scenes. It contains 18,968 rooms, each fur-
nished with 3D objects from 3D-FUTURE [13]. The room
layouts were created by professional designers and contain
31 scene categories and 34 object classes. We use the 4,995
rooms selected by [10] as the training split for fair com-
parison. ScanNet [7] is a large-scale dataset for real-world
indoor 3D scene understanding. It contains 1,613 3D scans
and 18 categories, each with dense semantic annotations.
The dataset has been used for several tasks in 3D scene un-
derstanding, such as object classification and detection. It
contains various room types ranging from classroom and
office to bedroom and kitchen. S3DIS [3] is another sig-
nificant real-world indoor 3D dataset. The dataset contains
annotations for 13 categories with 271 scenes from 6 areas.
Unlike ScanNet, the room types in this dataset are relatively
limited, which were mainly for office use. We use the fifth
area as the validation split and the rest as the training split
following the setting in [10].

As a domain adaptation task, we use the synthetic 3D-
FRONT [12] as the source domain, and the real-world Scan-
Net [7] and S3DIS [3] as the target domains in our experi-
ment. Since the classes covered by the three datasets are not
identical, we select 11 common classes for the UDA exper-
iments with mapping following [10]. The names of classes
are listed in the main results tables (3D-FRONT → ScanNet
in Table 1 and 3D-FRONT → S3DIS in Table 2).

4.2. Results

Since UDA for indoor semantic segmentation is an un-
charted research area, there are relatively few methods that
match our exact setting. We make our best effort to compare
our method with similar settings. Due to the absence of of-
ficial implementations for SqueezeSegV2 [73], CBST [86],
and Noisy Student [74] in the indoor UDA task, we reprint
the results from the experiments provided in DODA [10].
For methods with similar but not identical settings (i.e.,
RPCvSD [63] and CINMix [83]), we report two additional
mIoUs, denoted as mIoU-R and mIoU-C, which compute
only on the classes covered by their respective experiments,
besides reporting their results. Unfortunately, due to the
lack of publicly available implementations, we cannot com-



Table 1. Adaptation results from 3D-FRONT to ScanNet in terms of mIoU. ST denotes that the model is self-trained with pseudo labels of
ScanNet scenes; PT indicates the model is trained only on source data. The oracles are results trained and tested on the same domain.

Method mIoU mIoU-R mIoU-C wall floor cab. bed chair sofa table door wind. bksf. desk
Source Only 29.60 38.97 37.04 60.72 82.42 4.44 12.02 61.76 22.31 38.52 05.72 05.12 19.72 12.84

SqueezeSegV2 [73] 29.77 37.19 36.55 61.85 72.74 02.50 16.89 58.79 16.81 38.19 05.08 03.24 35.68 15.72
RPCvSD [63] - 43.03 - 28.78 70.90 14.24 35.85 61.87 42.15 47.42 - - - -
CINMix [83] - - 48.28 73.42 88.07 - - 62.72 43.56 52.14 07.71 14.20 44.44 -
CBST [86] 37.42 48.42 44.15 60.37 81.39 12.18 30.00 68.86 36.22 49.93 07.05 05.82 43.59 16.25

Noisy student [74] 34.67 46.13 43.47 62.63 86.27 01.45 17.13 69.98 37.58 47.87 06.01 01.66 35.79 15.06
DODA (PT) [10] 40.52 51.45 46.24 67.36 90.24 15.98 39.98 63.11 46.38 48.05 07.63 13.98 33.17 19.86
DODA (ST) [10] 51.42 61.91 55.20 72.71 93.86 27.61 64.31 71.64 55.30 58.43 08.21 24.95 56.49 32.06

Ours (PT) 43.48 53.53 49.24 67.58 90.12 16.30 45.28 67.46 48.09 49.92 12.13 17.24 41.34 22.78
Ours (ST) 58.19 66.68 59.34 71.19 94.05 40.53 77.17 71.76 59.35 61.21 25.62 32.70 58.82 47.73

Oracle 75.19 81.27 77.15 83.39 95.11 69.62 81.15 88.95 85.11 71.63 47.67 62.74 82.63 59.05

Table 2. Adaptation results from 3D-FRONT to S3DIS in terms of mIoU. The naming convention of this table follows Table 1.

Method mIoU mIoU-C wall floor chair sofa table door window bkcase. ceil. beam col.
Source Only 36.72 38.68 67.95 88.68 57.69 04.15 38.96 06.99 00.14 44.90 94.42 00.00 00.00

SqueezeSegV2 [73] 36.50 38.33 65.01 89.95 54.29 06.79 45.75 10.23 01.70 32.93 94.81 00.00 00.00
CINMix [83] - 51.25 76.00 94.66 66.22 17.79 53.20 21.12 29.84 51.14 - - -
CBST [86] 42.47 46.41 71.60 92.07 68.09 03.28 60.45 17.13 00.18 58.45 95.87 00.00 00.00

Noisy student [74] 39.44 42.18 68.84 91.78 65.53 06.65 48.67 02.27 00.00 53.67 96.46 00.00 00.00
DODA (PT) [10] 46.85 52.45 70.96 96.12 68.70 25.47 58.47 17.87 27.65 54.39 95.66 00.00 00.00
DODA (ST) [10] 55.54 64.38 76.23 97.17 76.89 63.55 69.04 25.76 38.22 68.18 95.85 00.00 00.00

Ours (PT) 49.47 56.03 73.74 97.03 69.09 26.80 52.46 33.93 34.60 60.61 95.99 00.00 00.00
Ours (ST) 57.11 66.63 77.49 97.43 76.12 67.06 63.12 53.35 31.36 67.08 95.19 00.00 00.00

Oracle 62.29 69.85 82.82 96.95 78.16 40.37 78.56 56.91 47.90 77.10 96.29 00.41 29.69

pare the performance of all methods mentioned in Section 2
(e.g., CoSMix [59] and DA-CIL [84]) in our setting.

The main results of 3D-FRONT → ScanNet are re-
ported in Table 1. Our method outperforms the state-of-the-
art approach DODA [10] by a significant 6%. We attribute
the performance boost to the effectiveness of SCA, which
not only creates robust intermediate domains but also pre-
serves local context. While our method surpasses the SOTA
approach across all classes, it’s noteworthy that introduc-
ing the CESS module leads to a noticeable performance
drop specifically in the wall class. The reason might be
that Ft often incorrectly classifies irregular walls as doors
and CESS implicitly distribute more weights on loss for the
building envelope (wall, floor, ceiling) since they always ex-
ist in both öY and ! d . Other classes might exist in Yc, thus
less vulnerable to wrong pseudo labels. Addressing these is-
sues could be a focus for future enhancements in our work.

The results of 3D-FRONT → S3DIS are reported in Ta-
ble 2. The proposed method achieves superior results com-
pared to the SOTA [10]. The improvement in this domain
adaptation experiment is less significant (+1.57%) because
most scenes in 3D-FRONT are home scenes and S3DIS are
mostly scenes on campus. With little overlapping in scene
types, adding clusters to one another is more likely to break
the context integrity as illustrated in Figure 2.

4.3. Ablation Study

In this section, we examine the effectiveness and design
choice for SCA and CESS by conducting ablation studies

Table 3. Ablation study of the augmentation algorithm in DODA
(TACM) [10], SCA and CESS modules. The first two rows are
reprinted from DODA [10].

TACM SCA CESS mIoU
48.13

! 51.42
! 55.79
! ! 58.19

on the 3D-FRONT → ScanNet setting for simplicity.
Effectiveness. Table 3 compares the SOTA augmentation
technique TACM proposed in DODA [10] with SCA, show-
ing a 4.37% improvement. We evaluate the effectiveness
of the SCA and CESS modules by integrating them into
the training pipeline incrementally. The experimental re-
sults demonstrate that performance improves by an addi-
tional 7.66% and 2.40% with each module’s inclusion.
SCA: Sampling Policy. We design Uniform Sampler and
Context-Reversed Sampler (CRS) to analyse the impact of
the sampler and the importance of preserving the global
context. Uniform Sampler samples the classes of additional
clusters from a uniform distribution PU = 1

N K
. Context-

Reversed Sampler is designed to break the global context of
the augmented scene by adding clusters that are less likely
to appear in the scene. To achieve the goal, classes are sam-
pled with the probability PR in inverse proportion to the
probability with PG . Formally, it is defined as



Figure 5. The first and the second rows are the qualitative comparisons on ScanNet and S3DIS respectively. The bounding boxes highlight
the parts that our method significantly outperforms the SOTA method DODA [10]. More results can be found in the supplementary material.

PR =
1

PG
$ N K

k=1
1

PG (k )

∈ [0, 1]K (4)

Table 4 shows the mIoU of GCAS is 4.79%/3.97%
higher than those of CRS/Uniform Sampler, which shows
the help of the global context to a 3D semantic parser.
CESS: Supervision Target. The results of imposing the
consistency loss on different domains are shown in rows 1-
4 in Table 5. We observe an enhancement in performance
when applying the consistency loss to scenarios involving
D [t ]

s , illustrating its effectiveness in mitigating the side ef-
fects introduced by SCA. However, its impact deteriorates
in setups exclusively using D [s]

t , as CESS tends to weigh in-
accurately pseudo-labelled points more in this context. This
issue is successfully addressed by the implementation of the
Mean-Teacher structure (discussed below).
CESS: Mean-Teacher. The integration of the Mean-
Teacher integration enhances performance across all three
intermediate domain setups (Table 5), with a more signif-
icant improvement (+2.26% mIoU) for D [s]

t (adding syn-
thetic objects to real scenes) than D [t ]

s (+0.70% mIoU). This
difference is attributed to the structure’s ability to generate
stable supervising signals, as pseudo-labelled points consti-

Table 4. Ablation study of the Context-Reversed Sampler (CRS),
Uniform Sampler and Global-Context-Aware Sampler (GCAS).
The metric is mIoU.

Sampler Pre-train Self-train
CRS 40.04 50.93

Uniform 42.63 51.75
GCAS 43.48 55.79

Table 5. Ablation study of applying the consistency loss on D [s]
t ,

D [t ]
s , or both. The metric is mIoU.

Domain w/ Consistency Loss w/o EMA w/ EMA

D [s]
t 55.04 57.30

D [t ]
s 56.38 57.08

D [s]
t and D [t ]

s 57.09 58.19

tute a larger portion of the former setup.

5. Conclusions
We presented a novel approach for unsupervised do-

main adaptation from synthetic to real in 3D indoor scenes.
The proposed method combined Space and Context-
aware Augmentation (SCA) and Consistency-Enforced
Self-supervision (CESS) to address challenges in adapting
to real-world data. SCA effectively creates intermediate
domains by augmenting data to simulate real scene irreg-
ularities. The careful consideration of object clustering and
arrangement preserves context and enhances training data
quality. The CESS module ensures prediction consistency
by aligning augmented and unaugmented inputs and us-
ing the Mean-Teacher framework. Our experimental results
demonstrated the superiority of the proposed approach over
existing methods, highlighting its potential for practical ap-
plications. Addressing the challenges, such as wall misla-
belling, could be a focus for future work.
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