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Abstract— Room layout estimation is a long-existing robotic
vision task that benefits both environment sensing and motion
planning. However, layout estimation using point clouds (PCs)
still suffers from data scarcity due to annotation difficulty. As
such, we address the semi-supervised setting of this task based
upon the idea of model exponential moving averaging. But
adapting this scheme to the state-of-the-art (SOTA) solution for
PC-based layout estimation is not straightforward. To this end,
we define a quad set matching strategy and several consistency
losses based upon metrics tailored for layout quads. Besides,
we propose a new online pseudo-label harvesting algorithm
that decomposes the distribution of a hybrid distance measure
between quads and PC into two components. This technique
does not need manual threshold selection and intuitively encour-
ages quads to align with reliable layout points. Surprisingly,
this framework also works for the fully-supervised setting,
achieving a new SOTA on the ScanNet benchmark. Last but not
least, we also push the semi-supervised setting to the realistic
omni-supervised setting, demonstrating significantly promoted
performance on a newly annotated ARKitScenes testing set.
Our codes, data and models are made publicly available*.

I. INTRODUCTION

Over the past decade, room layout estimation has drawn
a lot of attention from the robotics community [1]–[6]
since it marks a crucial step towards understanding indoor
scenes and might help robot agents make better decisions in
challenging environments [7]–[10]. However, the majority of
earlier efforts exploit perspective or panoramic RGB images
as input [11]–[28], whereas the promising paradigm of layout
estimation using point clouds (PCs) [29] still suffers from the
lack of annotated data. It is due to the difficulty of annotating
the boundaries of 3D indoor scenes manually, particularly
rooms containing non-cuboid shapes and many corners.

We envision an omni-supervised setting [30] where in-
telligent robots all over the world can exploit enormous
unannotated raw point clouds to continuously improve the
collective intelligence (i.e., layout estimation accuracy in
this study). To this end, we start from the semi-supervised
setting in which we assume a large portion of ScanNet [31]
annotations is not available and push it finally to the omni-
supervised setting using the recent ARKitScenes [32] dataset.
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(a) Input Point Cloud
(Colors not used)

(b) PQ-Transformer Baseline
(20% labeled ScanNet)

(c) Ours
(Semi-supervised)

Fig. 1. (a) The input is a 3D point cloud whose colors are only for
visualization. (b) We train the former SOTA method PQ-Transformer with
only 20% labeled data of ScanNet training set and use it as the baseline.
(c) We adopt our method on the whole ScanNet training set with only 20%
annotations, resulting in a more accurate layout prediction.

Actually, semi-supervised room layout estimation has al-
ready been studied in a recent work SSLayout360 [33]. How-
ever, it still relies upon hand-crafted post-processing and only
exploits the model exponential moving averaging (EMA)
technique to learn representations from many unannotated
panoramic images. Note that this paradigm does not apply to
the state-of-the-art (SOTA) PC-based layout estimator [29],
which directly predicts quads end-to-end.

To this end, we propose the first semi-supervised room
layout estimation method using point cloud inputs. Our
method builds upon the SOTA counterpart PQ-Transformer
[29], which takes the 3D point cloud of a scene as input
(see Fig. 1(a)) and predicts a set of quadrilateral (referred to
as quads) equations representing layout elements (wall, floor
and ceiling). As observed in Fig. 1(b), it performs poorly on
unseen scenes if only 20% annotations are used for training.
By contrast, our model is able to predict a more accurate
layout by making use of the unlabeled data (see Fig. 1(c)).

Specifically, the success of our method is credited to two
techniques. The first is a consistency based training frame-
work inspired by the Mean Teacher [34] method. We design
a quad matching strategy and three consistency regularization
losses that are tailored for the layout estimation problem. We
also identify a simple but effective add-on that capitalizes on
the confidence of the teacher model. The second is a pseudo
label generation module that decomposes the distribution
of a new hybrid metric into two components, based upon
gamma mixture. It intuitively aligns quad predictions to
reliable layout point clouds. Through ablation experiments,
both techniques are proven effective, and combining them
brings larger improvements.

Experimental results highlight four notable messages: (1)
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our solution with different percentages (e.g., 5% to 40%)
of annotations available consistently and greatly outperforms
supervised baselines on the ScanNet dataset. (2) with only
40% of labeled data we are able to surpass prior fully-
supervised SOTA. (3) in the fully-supervised setting, our
method can also improve strong baselines by +4.11%. (4)
we further extend the method into a more realistic omni-
supervised [30] setting, where we leverage all ScanNet train-
ing data and unlabeled ARKitScenes [32] training data. On a
newly crowd-sourced ARKitScenes testing set, a significant
performance gain is achieved, with F1-score going from
10.66% to 25.85%. Our contributions are as follows:

• We propose the first semi-supervised framework for
room layout estimation using point clouds, with tailored
designs including a quad set matching strategy and three
confidence-guided consistency losses.

• We propose a threshold-free pseudo-label harvesting
technique based upon a newly-proposed hybrid distance
metric and gamma mixture decomposition.

• We achieve significant results in semi-supervised, fully-
supervised and omni-supervised settings. We contribute
a new crowd-sourced testing set and release our codes.

II. RELATED WORKS

Recently, semi-supervised and weakly-supervised learning
are hot topics in the robotics community, with many methods
proposed for various tasks including point cloud semantic
parsing [35]–[38] and representation learning [39], 3D object
detection [40] [41], articulation understanding [42], single-
view reconstruction [43] and intrinsic decomposition [44].
This line of research envisions an exciting future scheme that
robots all over the world exploit unlimited unlabeled data to
continuously improve the collective intelligence. [45]–[48]
Our study is the first semi-supervised framework for room
layout estimation from point clouds, which contributes to this
robotic vision trend.

From the perspective of methodology, we briefly review
two kinds of semi-supervised learning (SSL) paradigms.

The consistency based SSL methods rely on the assump-
tion that near samples from the low-dimensional input data
manifold result in near outputs in the feature space [49]
[50]. Thus, they enforce the model to stay in agreement
with itself despite perturbations. Under this scope, multiple
perturbation strategies are explored. The Π model [51] [52]
penalizes the difference of hidden features of the same input
with different data transformations and dropout. Temporal
Ensembling training [52] regularizes consistency on current
and former predictions. The Mean Teacher method [34] uses
exponential moving average of student network parameters.

The pseudo-label based SSL methods, on the other hand,
are more general as they don’t require domain-specific data
transformations. By equipping them with a few necessary
designs, they can be as proficient as consistency based ones.
For example, in 3D object detection task, [53] proposes two
post-processing modules to improve the recall rate and the
precision rate of the pseudo labels. In image classification

task, [54] sets a constant confidence threshold τ for deter-
mining whether to discard a pseudo-label, and [55] upgrades
that constant to a set of per-class learnable variables. In 2D
object detection task, Noisy Pseudo-box Learning strategy is
proposed by [56], which only considers N proposals of top-
quality as pseudo labels and the rest ones as false positives.

III. METHOD

We aim to develop a learning framework that allows robot
agents to leverage enormous unlabeled data to infer room
layouts Y from indoor scene point clouds X. Following
[29], we denote a layout wall (represented by a quad)
y = {c,n, s, p} ∈ Y by its center coordinate c, unit normal
vector n, size s = (w, h), and predicted quadness score p.
The quadness scores of ground truths are fixed to 1.0.

To start with, we formally describe three training settings.
Suppose we have a 3D point cloud (PC) dataset DL with
layout annotations in conjunction with a much larger unla-
beled PC dataset DU . In the fully-supervised setting, DL
is the whole training set of ScanNet with quad annotations
whereas DU is a null set. In the semi-supervised setting,
DL is part of the ScanNet training set along with quad
annotations whereas DU is the complementary set whose
annotations are assumed unknown. In the omni-supervised
setting [30] which is a real-world generalization of the semi-
supervised setting, DL is the whole training set of ScanNet
with annotations whereas DU is the ARKitScenes training
set without annotations.

We introduce our method in the three settings using unified
notations DL and DU . As depicted in Fig. 2, we adapt
the Mean Teacher [34] training framework (see Sec. III-A)
to end-to-end room layout estimation with a tailored quad
matching strategy and three consistency losses. We also inte-
grate a novel pseudo-label refinement module (Sec. III-B) for
quads, which is based upon gamma mixture decomposition.
In Sec. III-C, we describe the loss terms to optimize.

A. Quad Mean Teacher (QMT)

Mean Teacher [34] is a successful framework for semi-
supervised learning with a student model and a teacher
model of the same architecture. The general idea is to
feed two models with the same input samples transformed
differently and enforce the predictions of the two models
to be consistent. The student model is updated by gradient
descent while the teacher model is updated by exponential
moving average (EMA) of the weights of the student model.

Inspired by the idea of Mean Teacher, we first sample
XU from DU and (XL,YL) from DL to form a batch
X = {XL,XU}. X is transformed with stochastic trans-
formation T before feeding into the student model to yield
ỸS = {ỸL

S , Ỹ
U
S }. YL is transformed into ỸL with the same

transformation. Meanwhile, X is also fed into the teacher
model and then applied the same transformation T to yield
ỸT = {ỸL

T , Ỹ
U
T }. Following the same loss design in [29],

we impose a supervised loss Lsup between ỸL
S and ỸL.

The success of Mean Teacher based methods relies on
domain-specific data transformation and carefully designed
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Fig. 2. Method Overview. In each training iteration, we sample (XL,YL) from labeled dataset and XU from unlabeled dataset to form a batch. The
input batch is first stochastically transformed then fed into the student model to produce predictions ỸL

S and ỸU
S . Meanwhile, the input batch is also

fed into the teacher model then transformed to produce predictions ỸL
T and ỸU

T . In the two adopted transformations, FPS sampling uses different seeds
whereas rotation, flipping and scaling are identical. We impose three losses in total: (1) a supervised loss between the transformed label and predictions
of student model. (2) a consistency loss that minimizes the difference between student predictions and teacher predictions. (3) a pseudo-label loss that
encourages quads to align with reliable layout points. The student parameters are updated by gradient descent according to the sum of three losses, whereas
the teacher parameters are updated by exponential moving average (EMA) of student parameters.

consistency losses between two sets of predictions, without
which the method could suffer from degeneration. Based
upon this observation, we design the transformation domain
and consistency losses for room layout estimation as follows.

Data transformation We adopt four kinds of transfor-
mations: Farthest Point Sampling (FPS) [57], flipping along
horizontal axes, rotating along vertical axes and coordinates
scaling. FPS [57] downsamples the point cloud by repeatedly
choosing the point farthest from the chosen ones, discarding
only redundant points. Also, flipping, rotating and scaling
in constrained ways mimic the natural viewpoint changes of
humans. Among them, layout annotations are invariant to
FPS [57] as subsampling does not change the layout geome-
tries and equivariant to the other three transformations with
which the geometries should be transformed accordingly.
Hence, when applying the same transformation, for invariant
transformation (i.e., FPS [57]) we use different seeds and for
the other three we apply the same transformation before the
student model and after the teacher model.

Quad Set Matching To encourage consistency between
the predicted quad sets of two models, the difference be-
tween two quads should be defined first. Given two quad
predictions, ỹ1 = {c̃1, ñ1, s̃1, p1} and ỹ2 = {c̃2, ñ2, s̃2, p2},
the differences of three geometrical characteristics (quad
center location c̃, quad normal ñ, quad size s̃) should all
be considered. Thus, as illustrated in Fig. 3(b), we define
the distance between two quads as: (|| · ||k denotes k-norm)

d(ỹ1, ỹ2) = ||c̃1 − c̃2||2 + |1− ñ1 · ñ2|+ ||s̃1 − s̃2||22 (1)

Based on the distance metric between quads, we calculate
the difference of two predicted quad sets by first finding
the correspondences between the two quad sets and then
summing up the distances between corresponding quads. To

establish the correspondences, we find the nearest student-
predicted quad ỹS = {c̃S , ñS , s̃S , pS} for each teacher-
predicted quad ỹT = {c̃T , ñT , s̃T , pT }:

PỸS
(ỹT ) = argmin

ỹS∈ỸS

||c̃S − c̃T ||2 (2)

We use P(·) to represent this injective mapping from the
teacher model prediction to the student model prediction.

Consistency Loss Design Although the quad geometries
(i.e., c̃, ñ, s̃) predicted by teacher are not adequately precise,
the predicted quadness score p could measure the correctness
of the predictions. Considering that the teacher-predicted
quads are generally more reliable than the student-predicted
quads, we use teacher-predicted quadness scores pT as the
confidence and define the consistency loss LQMT as:

LQMT =
1

|ỸT |

∑
ỹT∈YT

d(PỸS
(ỹT ), ỹT ) · pT (3)

Remark A similar idea to evaluate the closeness of two
sets is the Chamfer Distance, which establishes two injective
mappings from each of the two sets to its counterpart. On
the contrary, our method only establishes a one-way mapping
from the teacher model predictions to the student model
predictions since the latter is less reliable than the former. As
depicted in Fig. 3(a), finding the nearest teacher prediction
around S and penalizing the quad distance in between would
wrongly push S to the unreliable prediction T1. By contrast,
as S is the nearest student prediction around unreliable T1
and reliable T2, optimizing the weighted quad distance sum
would push S to the reliable prediction T2.

B. Gamma Mixture Filtering (GMF)
In this stage, we introduce the Gamma Mixture Filtering

module which makes further use of the unlabeled data and
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Fig. 3. Illustration on Teacher Student Alignment. (a) For every teacher-
predicted quad, we find the nearest student-predicted quad. Although teacher
predictions are noisy, the quadness scores demonstrate how accurate the
predictions are. (b) These three figure illustrate the three components of the
defined distance between two quads.

re-estimates a more accurate quad prediction ỹTR from the
noisy prediction ỹT . A naive approach to do this is to select
points whose perpendicular distance to the quad is below a
manually chosen distance threshold εD and use these points
to estimate a more accurate quad. However, it is inevitable
to manually tune the hyper-parameter εD, which is time-
consuming and ineffective as a fixed threshold is usually
not applicable to all scenes. Besides, using perpendicular
distance solely as the metric may erroneously select points
in the room corners which belong to other quads.

To address these issues, we introduce 1) hybrid distance
between point and quad as an improved metric and 2) the
gamma mixture decomposition filtering strategy to automat-
ically select the threshold for filtering.

Hybrid Point-Quad Metric We propose a hybrid metric
to measure the distance between a point and a quad. Instead
of using the perpendicular distance alone, we also leverage
normals and quad sizes. Consider a point p with coordinate
cp and normal np estimated with adjacent points in the PC,
and a quad ỹT whose plane equation is ñT · (c− c̃T ) = 0,
c ∈ R3. Then the perpendicular distance can be written as:

Mp(p, ỹT ) = |(cp − c̃T ) · ñT | (4)

Note that ñT is of unit length. In some corner cases
where points are close but differ greatly in normals (e.g. in
wall corners), using this measure solely would erroneously
include points on other quads. Therefore, we also define a
cosine similarity metric for the normals:

Mo(p, ỹT ) = |1− np · ñT | (5)

Furthermore, as the size of quads is not considered in the
proposed two measures, we consider the extent to which the
projections of points lay outside the quad. Since the vertical
edges of predicted quads are parallel to ẑ = (0, 0, 1)T , the

horizontal edges should be parallel to x̂ =
ñT × ẑ

||ñT × ẑ||2
(×

denotes cross product). The horizontal and vertical distances
between the quad center and the projection of p on the quad
are then given by wp = |(cp−c̃T )·x̂| and hp = |(cp−c̃T )·ẑ|,
respectively. Thus, we define the out-of-quad metric as:

Ms(p, ỹT ) = ||ReLU((wp, hp)
T − s̃T )||1 (6)

(a) Teacher Prediction

(e) Quad Estimation

Perpendicular Distance Orientation Distance Size Distance

+ +

(b) Point-Quad Hybrid Distance

(c) Gamma Mixture 
Decomposition

(d) Selected Points

Refined
Quad Quality

Fig. 4. Illustration on Gamma Mixture Filtering. We calculate the
proposed hybrid metrics between points and quads in (b), where warmer
colors indicate shorter distances. Then we decompose the distribution of
metrics into two components, corresponding to points that belong to the
quad and those don’t, respectively. We filter out redundant points using the
mixture distribution model (depicted in (c)), and re-estimate quads with
higher accuracy for the student model to learn.

Finally, the hybrid point-quad distance is defined as:

M =Mp +Mo +Ms (7)

In Fig. 4(b) we illustrate the three proposed metrics
between the highlighted quad and points.

Mixture Decomposition Filtering In this stage we use
the hybrid metric x =M(·, ·) to select points from the PC
for each quad. We first collect the metrics between the quad
and all points, and then use the metrics to fit a probabilistic
mixture model. The possibility density function (PDF) of the
probability model is defined as

P (x|θ0, θ1) = w0P (x|θ0) + w1P (x|θ1) (8)

where P (x|θ0) and P (x|θ1) are PDFs of individual compo-
nents and w0, w1 denote weights of them, with w0+w1 = 1.

The two individual components correspond to points that
belong to the quad and those don’t, respectively. We empir-
ically choose gamma distribution for the two components:

P (x|θi) =
Γ(a+ b)

Γ(a)Γ(b)
xa−1(1− x)b−1, θi = {a, b} (9)

To fit this mixture distribution, we follow [58] to decide
the parameters θ0, θ1, w0 and w1. By using the expectation
maximization (EM) algorithm, we take the parameters when∑
p∈P logP (xp|θ0, θ1) is maximized. The fitting result is

illustrated in Fig. 4(c), where the blue curve represents
P (x|θ0) and the red curve represents P (x|θ1).

Finally, with this mixture model, we examine the probabil-
ities that an unlabeled point belongs and not belongs to the
quad. When the former is larger than the latter, we keep this
point during filtering. In other words, for each quad yT we
keep points pi that satisfy w0P (xi|θ0) ≤ w1P (xi|θ1) where
xi = M(pi,yT ), as shown in Fig. 4(d). It is unnecessary
to manually tune a threshold, as the intersection point of the
two component PDFs works as a per-quad threshold obtained
by statistics of the unlabeled points around that quad.

Quad estimation With the set of selected points P ′, we
reconstruct a more accurate quad ỹTR for each predicted
quad ỹT . We refine the quad center and quad normal to
c′ = 1

|P ′|
∑
p∈P ′ cp and n′ =

∑
p∈P ′ np / ||

∑
p∈P ′ np||2.

To estimate the quad size, we randomly take Ks samples
{τi}Ks

i=1 from [0, 1]. Under the assumption that the point
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collection P ′ is uniformly sampled from the refined quad,
we refine the quad size to s′ = 1

Ks

∑Ks

i=1
1
τi
· quantile(τi).

Here quantile(τi) is defined as τi-th quantiles of {sp|p ∈ P ′}
computed on x̂ axis and ẑ axis, respectively.

In each scene of each training step, due to tractability
concerns, we choose one of all teacher predicted quads to
refine, as illustrated in Fig. 2. Based on the refined quad
ỹTR = {c′,n′, s′, 1.0}, we propose the pseudo-label loss:

LGMF = d(P(ỹT ), ỹTR) (10)

C. Loss
The loss term we aim to optimize during training is:

L = Lsup + λQMTLQMT + λGMFLGMF (11)

where λQMT and λGMF are loss weights.

IV. EXPERIMENT

A. Datasets and Implementation Details
Datasets In the semi-supervised setting, our methods are

evaluated on the ScanNet dataset. ScanNet [31] is a large-
scale RGB-D video dataset with 3D reconstructions of indoor
scenes, including 1513 scans reconstructed from around 2.5
million views. On top of the ScanNet, SceneCAD [59]
provides scene layout annotations containing 8.4K polygons.
In our experiments, we use the 3D reconstructions from
ScanNet [31] as the input point clouds and use the scene
layouts from SceneCAD [59] as the ground truth labels.

Furthermore, we extend our methods to the omni-
supervised setting and employ ARKitScenes dataset [32].
ARKitScenes is another large-scale RGB-D dataset con-
taining 4493 training scans and 549 validation scans. In
our experiments, the training scans are leveraged as the
unlabeled input. The validation scans are used for testing,
whose ground-truth layouts are annotated by crowd-sourcing.

Implementation Details In the transformation stage, the
point cloud is first downsampled to 40,000 points with FPS
and rotated along the z-axis by θ = θ1+θ2, with θ1 randomly
chosen from {0, π2 , π,

3π
2 } and θ2 uniformly sampled from

[−5◦, 5◦]. Next, the point cloud is flipped along the x-axis
and the y-axis with the probability of 0.5 and scaled by a
ratio uniformly sampled from [0.85, 1.15].

We implement the teacher and student models in the pro-
posed Quad Mean Teacher framework with PQ-Transformer
[29], while the framework also works with other layout
estimators. The preprocessing of quad annotations and the
evaluation metrics are the same as [29]. The consistency
loss weight is set to λQMT = 0.05, using the same warm-
up strategy as [60]. The pseudo-label loss weight is set as
λGMF = 5×10−4. Our experiments run on a single NVIDIA
RTX A4000 GPU with batch size of 6. Half of the samples
in a batch have quad annotations.

B. Results
To the best of our knowledge, our methods are the first

to perform the PC-based layout estimation task in the semi-
supervised and the omni-supervised setting. Hence we com-
pare our method with fully-supervised methods including
SceneCAD [59] and PQ-Transformer [29].

TABLE I
LAYOUT ESTIMATION F1-SCORES ON SCANNET

Method 5% 10% 20% 30% 40% 100%

SceneCAD [59] - - - - - 37.90
PQ-Transformer [29] 22.43 29.26 39.60 46.02 48.08 56.64

Ours (QMT only) 26.83 34.76 44.42 49.30 51.84 58.80
Ours (GMF only) 26.65 35.17 45.25 51.69 52.69 60.54

Ours (QMT & GMF) 29.08 36.85 48.68 54.35 56.92 60.75

Margin +6.65 +7.59 +9.08 +8.33 +8.84 +4.11
Relative Improv. (%) 29.65↑ 25.94↑ 22.93↑ 18.10↑ 18.37↑ 7.26↑

We evaluate our method and the baselines in various semi-
supervised settings on ScanNet validation set and report the
F1-scores of the predicted layouts in Tab. I. The size of
labeled set DL sampled from the ScanNet training split, or
the amount of ground truth annotations in use, is denoted by
percentages in the first row. And DU is the complementary
set whose annotations are assumed unknown.

It can be seen that either QMT or GMF can result in
performance boost. And by combining these two techniques
together, we see further improvement in performance. In all
semi-supervised settings, the performances of our methods
are better than baselines by large margins. With only 40%
quad annotations available, our method achieves similar
performance to that of the state-of-the-art method trained
in fully supervised settings. Surprisingly, our method also
performs better in fully supervised settings than former
arts. We attribute the outperformance to the consistency
regularization mechanism promoting the model’s robustness
to perturbations and the pseudo-label refinement module pro-
viding guidance on the geometrical information of layouts.

We further demonstrate the robustness of our method
in the omni-supervised setting [30]. To be more specific,
we train our method and the baselines with the whole
labeled training split of ScanNet DL and then evaluate the
performance on the validation split of the ARKitScenes
dataset with crowd-sourced layout annotations. Besides, in
our method, the unlabeled training split of ARKitScenes
serves as the unlabeled dataset DU . As shown in Tab. II,
our method achieves a significant margin over former arts,
showing the ability to generalize to more realistic omni-
supervised settings.

In addition, we provide visualization of the quad predic-
tions of our method on ScanNet and ARKitScenes in Fig.
5 and Fig. 6. These qualitative results show that exterior
quads as well as the interior quads are predicted by our
method accurately, compensating for the ineffectiveness of
PQ-Transformer [29] w.r.t. interior wall quads.

TABLE II
LAYOUT ESTIMATION F1-SCORES ON ARKITSCENES

Method Recall (%) Precision (%) F1-score (%)

PQ-Transformer [29] 6.72 25.81 10.66

Ours (QMT & GMF) 23.00 29.50 25.85 (+15.19)
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Fig. 5. Qualitative results on ScanNet. The ratio represents the proportion
of annotated data in use.

C. Ablation Study

Data Transformation Strategies We run the 10%-
supervised experiment on ScanNet with different data trans-
formations. As shown in Tab. III, data transformation is
crucial to our proposed method, as any of the transformations
improves the performance, and in extreme cases without
transformations the F1-score decreases by 6.31%.

Among the four transformations, rotation has the largest
influence on the performances. One possible reason is that
rotation brings the most changes to the coordinates of points
whilst keeping the holistic layouts of the scenes unchanged.

TABLE III
ABLATIONS ON DATA TRANSFORMATION STRATEGIES

Downsample Flipping Rotation Scaling F1-score (%)

× × × × 30.54

X × × × 31.59
× X × × 32.47
× × X × 32.95
× × × X 30.70

× X X X 35.61
X × X X 34.53
X X × X 33.42
X X X × 33.96

X X X X 36.85

Quad Mean Teacher We compare Quad Mean Teacher
and the basic Mean Teacher (MT) method in the 10%-
supervised settings and report their performances on ScanNet
in Tab. IV. MT assumes that all teacher predictions are
equally reliable. Results show that the QMT achieves a large
margin over MT on the precision of prediction. We believe
this is because the confidence of predictions by the teacher
model is exploited and erratic or incorrect predictions are
neglected accordingly.

Gamma Mixture Filtering In the 10%-supervised set-
tings, we compare our method using only pseudo-label loss
with the naive εD approach introduced in Sec. III-B. We
set the fixed threshold εD = 0.2m. More specifically, in

Baseline Ours (Full) Ground Truth

Fig. 6. Qualitative results on ARKitScenes. Ground truth layouts are
annotated by crowd-sourcing.

TABLE IV
ABLATIONS ON QUAD MEAN TEACHER

Method Recall (%) Precision (%) F1-score (%)

Mean Teacher 26.39 39.61 31.67

Ours (QMT) 27.73 46.54 34.76

the alternative method, a point stays after filtering if its
perpendicular distance to the plane is less than εD. Compared
to ours, the alternative method achieves significantly lower
performance, since no supervision is applied on the quad
normals and sizes.

TABLE V
ABLATIONS ON GAMMA MIXTURE FILTERING

Method Recall (%) Precision (%) F1-score (%)

Simple εD Filtering 25.29 40.51 31.14

Ours (GMF) 29.75 43.01 35.17

V. CONCLUSION

Our research makes the first step towards omni-supervised
layout estimation merely using point clouds, which has
promising implications in robotics. Our training framework
combines Quad Mean Teacher and Gamma Mixture Filtering
to better exploit the unlabeled data. Experimental results
demonstrate our method’s effectiveness in semi-supervised,
fully-supervised and omni-supervised settings.

Despite the effectiveness of our method, limitations still
exist. The predictions of our method are unsatisfactory in
incomplete scenes, in which insufficient points fail to form
a layout wall. In the future, we will consider possible
rectifications including ensembling online inference results,
thanks to the quasi-real-time speed brought by the PQ-
Transformer [29] implementation.
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