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A. SSLayout360 Architecture Details

Figure A1 shows an expanded version of the SSLay-
out360 architecture depicted in Figure 2 of the main paper.

B. Implementation Details

B.1. Dataset Details

Table B1 provides summary statistics of the datasets used
in the empirical evaluation of this paper. We utilize the stan-
dard training, validation, and test splits provided by Zou
et al. [12, 13] for PanoContext, Stanford-2D3D, and Mat-
terportLayout. For PanoContext evaluation, we follow the
authors’ protocol of combining the training split of PanoCon-
text with the entire Stanford-2D3D dataset for a total of
963 labeled training examples. Similarly, we augment the
Stanford-2D3D training split with the entire PanoContext
dataset, resulting in a combined total of 916 labeled training
instances, for the evaluation of the Stanford-2D3D dataset.
In our semi-supervised experiments, we follow the standard
practice of combining the training and validation dataset
splits, discarding all label information, as the source of unla-
beled data [4, 7, 8]. Thus, we use 1,009 unlabeled instances
for semi-supervised experiments on PanoContext, 949 on
Stanford-2D3D, and 1,837 on MatterportLayout.

Structured3D is a large photo-realistic synthetic dataset
comprising 21,835 panoramas of rooms in 3,500 diverse in-
door scenes with ground truth cuboid and non-cuboid layout
annotations. We set aside the first 3,000 scenes (correspond-
ing to 18,362 images) for training, and equally split the last
500 scenes into 250 validation (1,776 images) and 250 test
(1,697 images) sets. We pre-train HorizonNet on 18,362 syn-
thetic images and perform transfer learning on Matterport-
Layout via supervised fine-tuning. In our semi-supervised
experiments, we leverage HorizonNet pre-trained on Struc-
tured3D as a strong layout predictor initialized with synthetic
data to further evaluate SSLayout360 on MatterportLayout.

Dataset # Training # Validation # Testing # Unlabeled

PanoContext [10] 413 46 53 1, 009
Stanford-2D3D [1] 404 33 113 949
MatterportLayout [13] 1, 650 187 458 1, 837
Structured3D [11] 18, 362 1, 776 1, 697 –

Table B1. Summary statistics of the datasets used in the empirical
evaluation. See text for more details.

Cuboid Layout Training Epochs

Dataset 20 labels 50 labels 100 labels 200 labels All labels

PanoContext 200 (50) 200 (100) 200 (100) 200 (100) 300 (300)
Stanford-2D3D 200 (50) 200 (100) 200 (100) 200 (100) 300 (300)

Non-Cuboid Layout Training Epochs

Dataset 50 labels 100 labels 200 labels 400 labels 1,650 labels

Structured3D FT 100 (50) 100 (50) 100 (50) 100 (50) 100 (50)
MatterportLayout 200 (50) 200 (100) 200 (100) 300 (100) 300 (300)

Table B2. The number of training epochs as a function of labeled
examples for each dataset under consideration across both super-
vised and semi-supervised settings. The number in parenthesis
indicates the semi-supervised counterpart. All labels refers
to 963 labels for PanoContext and 916 labels for Stanford-2D3D.
Structured3D FT refers to supervised and semi-supervised
fine-tuning experiments using the Structured3D synthetic dataset.

B.2. Training Epochs

Table B2 summarizes the number of training epochs we
run in our supervised and semi-supervised experiments, ex-
pressed as a function of labeled examples for each dataset
under consideration. In the supervised setting, we define an
epoch as one pass over available labeled examples in DL. In
the semi-supervised setting, an epoch is defined as one pass
over all unlabeled examples in DU . In short, we train our
models between 50 and 300 epochs, depending on the setting
and how many unlabeled instances are used in combination
with labeled examples.

For the Structured3D FT row, we first train Hori-
zonNet on 18,362 synthetic images for 50 epochs, and then
transfer the learned weights to evaluate on MatterportLayout



Figure A1. An illustration of the SSLayout360 architecture for semi-supervised indoor layout estimation from a 360◦ panoramic scene.

via supervised fine-tuning with an additional 100 epochs
when using 50, 100, 200, 400, or 1,650 labels. In the semi-
supervised setting, we leverage pre-trained HorizonNet as a
strong predictor and train SSLayout360 to convergence with
only 50 epochs when using 50, 100, 200, 400, or 1,650 la-
bels. The reduced number of training epochs is an expected
benefit when performing transfer learning.

Lastly, (not shown in Table B2) in MatterportLayout ex-
periments with 4,000 unlabeled images, we train SSLay-
out360 for 100 epochs when using 100, 200, 400 labels, and
300 epochs using 1,650 labels. For MatterportLayout experi-
ments with 10,454 unlabeled images, we train SSLayout360
for 100 epochs when using 100, 200, 400, or 1,650 labels.

B.3. Hyper-Parameters

Table B3 summarizes the shared hyper-parameters as a
function of dataset for both supervised and semi-supervised
settings. Not shown in Table B3 are three hyper-parameters
specific to our SSLayout360 algorithm, which are kept con-
stant in all semi-supervised experiments: the unsupervised
(or consistency) loss weight λ = 1, the ramp-up period
T@30%, and EMA decay coefficient α = 0.999. We anneal
the learning rate hyper-parameter after each training step t
according to the polynomial schedule: lr× (1− t/tmax)

0.5. In
general, we fix the hyper-parameters constant and do not at-
tempt to tune them on a per-dataset or per-experiment basis,
which can limit the real-world applicability of our method.

B.4. Model and Data Perturbation

SSLayout360 relies on two sources of noise perturbation
for its success: random model dropout [5] and input data
augmentation. In conjunction with Algorithm 1, we employ
the following procedure to obtain consistent student-teacher
predictions for semi-supervised indoor layout estimation:

1. Separate the input data source into labeled and unla-
beled branches. The unlabeled branch consists of all

Dataset Batch Size Learning Rate Adam β1, β2 [2]

PanoContext 8 (8) 0.0003 0.9, 0.999
Stanford-2D3D 8 (8) 0.0003 0.9, 0.999
Structured3D 8 (–) 0.0003 0.9, 0.999
MatterportLayout 4 (4) 0.0001 0.9, 0.999
Extra Unlabeled 4 (12) 0.0001 0.9, 0.999

Table B3. Shared training hyper-parameters as a function of dataset
for both supervised and semi-supervised settings. The Batch
Size column indicates the blend of labeled (unlabeled) images for
semi-supervised experiments or just labeled images for supervised
experiments. In the Extra Unlabeled experiments, we use a
mini-batch with a mixture of 4 labeled and 12 unlabeled examples
to accelerate model training.

available training and validation examples, but without
ground truth label information.

2. Apply random data augmentation consisting of
panoramic stretching [6], horizontal rotation, left-right
flipping, and gamma correction to the labeled branch
as input to the student model.

3. Apply the same set of data augmentation to the unla-
beled branch, but without gamma correction and with
a different random seed, as another set of input to the
student model.

4. Perturb the resulting output of Step 3 with gamma cor-
rection as (noisy) input to the teacher model.

5. Enforce the consistency constraint on the student-
teacher model outputs from Steps 3-4 per Algorithm 1
and Equation (4) described in the main paper.

With this procedure, we introduce noise perturbation to
the teacher’s unlabeled input via gamma correction with γ ∈
[0.5, 2]. We also rely on random dropout with probability
0.5 at each forward pass for additional model perturbation
to help regularize the teacher’s unsupervised targets.



PanoContext 3D IoU (%) ↑

Method 20 labels 50 labels 100 labels 200 labels 963 labels
20 images 50 images 100 images 200 images 963 images

HorizonNet 61.48± 2.07 63.84± 2.87 65.43± 1.30 75.76± 0.62 83.55± 0.31
SSLayout360 62.21± 1.65 67.15± 1.25 69.14± 1.23 77.55± 0.89 82.56± 1.05

Corner Error (%) ↓

Method 20 labels 50 labels 100 labels 200 labels 963 labels
20 images 50 images 100 images 200 images 963 images

HorizonNet 3.51± 0.79 2.78± 0.90 3.17± 0.27 1.07± 0.15 0.70± 0.02
SSLayout360 3.09± 0.55 2.37± 0.56 2.02± 0.40 1.06± 0.27 0.75± 0.09

Pixel Error (%) ↓

Method 20 labels 50 labels 100 labels 200 labels 963 labels
20 images 50 images 100 images 200 images 963 images

HorizonNet 5.68± 0.52 5.03± 0.45 4.75± 0.06 3.17± 0.17 1.97± 0.03
SSLayout360 5.52± 0.48 4.35± 0.36 4.49± 0.28 3.03± 0.53 2.03± 0.19

Stanford-2D3D 3D IoU (%) ↑

Method 20 labels 50 labels 100 labels 200 labels 916 labels
20 images 50 images 100 images 200 images 916 images

HorizonNet 62.20± 3.98 68.27± 1.45 69.94± 3.64 74.95± 3.69 82.79± 0.90
SSLayout360 69.19± 2.34 70.66± 1.62 74.21± 1.33 77.75± 1.30 84.54± 0.59

Corner Error (%) ↓

Method 20 labels 50 labels 100 labels 200 labels 916 labels
20 images 50 images 100 images 200 images 916 images

HorizonNet 2.70± 0.60 1.64± 0.12 1.66± 0.20 1.50± 0.18 0.64± 0.02
SSLayout360 2.19± 0.61 1.79± 0.42 1.43± 0.16 1.13± 0.15 0.63± 0.02

Pixel Error (%) ↓

Method 20 labels 50 labels 100 labels 200 labels 916 labels
20 images 50 images 100 images 200 images 916 images

HorizonNet 5.03± 0.51 3.95± 0.22 3.77± 0.39 3.69± 0.26 2.13± 0.05
SSLayout360 4.24± 0.41 4.07± 0.15 3.54± 0.11 3.27± 0.35 1.99± 0.04

Table C1. Quantitative cuboid layout results, without the use of unlabeled data, evaluated on the PanoContext (left) and Stanford-2D3D
(right) test sets averaged over four independent runs with different random seeds. Number format: mean value ± standard deviation.

Mixed Corners 3D IoU (%) ↑

Method 50 labels 100 labels 200 labels 400 labels 1,650 labels
50 images 100 images 200 images 400 images 1,650 images

HorizonNet 63.44± 0.56 68.79± 0.49 72.25± 0.50 74.46± 0.35 79.12± 0.37
SSLayout360 63.21± 0.73 68.71± 0.22 73.01± 0.24 75.38± 0.72 80.06± 0.26

2D IoU (%) ↑

Method 50 labels 100 labels 200 labels 400 labels 1,650 labels
50 images 100 images 200 images 400 images 1,650 images

HorizonNet 67.17± 0.65 72.06± 0.49 75.16± 0.53 77.15± 0.36 81.54± 0.31
SSLayout360 66.76± 0.74 71.83± 0.24 75.78± 0.26 77.99± 0.70 82.35± 0.29

δ1 ↑

Method 50 labels 100 labels 200 labels 400 labels 1,650 labels
50 images 100 images 200 images 400 images 1,650 images

HorizonNet 0.76± 0.01 0.84± 0.01 0.89± 0.01 0.91± 0.01 0.94± 0.01
SSLayout360 0.77± 0.01 0.85± 0.01 0.89± 0.01 0.91± 0.01 0.95± 0.01

RMSE ↓

Method 50 labels 100 labels 200 labels 400 labels 1,650 labels
50 images 100 images 200 images 400 images 1,650 images

HorizonNet 0.41± 0.01 0.34± 0.01 0.30± 0.01 0.28± 0.01 0.23± 0.01
SSLayout360 0.41± 0.01 0.34± 0.01 0.29± 0.01 0.27± 0.02 0.23± 0.01

Table C2. Quantitative non-cuboid layout results, without the use
of unlabeled data, evaluated on the MatterportLayout test set with
mixed corners averaged over four independent runs with different
random seeds. Number format: mean value ± standard deviation.

C. SSLayout360 without Unlabeled Data

Tables C1 – C2 compare the fully supervised HorizonNet
with SSLayout360 without the use of unlabeled data. This
setting corresponds to fully supervised learning with con-
sistency regularization. In this setting, SSLayout360 only
uses the available labeled training examples as the source
of “unlabeled data” to generate unsupervised proxy targets
for enforcing the consistency constraint. We observe that for
PanoContext and Stanford-2D3D in Table C1, SSLayout360
without unlabeled data produces slightly better results than
the supervised HorizonNet counterpart across most settings
and metrics. Similarly, for MatterportLayout in Table C2,
SSLayout360 gives competitive or slightly better results than
the supervised HorizonNet counterpart. Our findings from
these experiments corroborate previous SSL literature that
regularization can slightly improve supervised learning with-

out unlabeled data [3, 8, 9]. In scenarios with additional
unlabeled data, SSLayout360 provides a significant boost in
accuracy performance over the supervised baselines.

D. Additional MatterportLayout Results
We report supervised and semi-supervised MatterportLay-

out results for rooms having 4, 6, 8, and 10 or more corners in
Tables D1 – D2. These results show that the effective use of
unlabeled data, in combination with labeled data, improves
room layout estimation with increasing scene complexity
across most settings and metrics under consideration.

E. Qualitative 3D Layout Reconstruction
Figures E1 – E3 present qualitative 3D layout reconstruc-

tion results on select MatterportLayout test instances with
increasing layout complexity, ranging between 6 and 12 cor-
ners, using the post-processing algorithm proposed by Sun
et al. of HorizonNet [6]. These results are obtained from our
SSLayout360 model trained on 100 labeled and 4,000 unla-
beled images. Using only 6% of the available 1,650 labels,
our SSLayout360 model is able to produce convincing 3D
layout reconstruction of complex indoor scenes.



4 Corners 3D IoU (%) ↑

Method 50 labels 100 labels 200 labels 400 labels 1,650 labels
1,837 images 1,837 images 1,837 images 1,837 images 1,837 images

HorizonNet 63.21± 0.59 69.09± 0.53 73.62± 0.57 76.10± 0.52 81.41± 0.58
SSLayout360 68.07 ± 0.23 73.91 ± 0.44 77.31 ± 0.40 79.37 ± 0.41 82.81 ± 0.72

2D IoU (%) ↑

Method 50 labels 100 labels 200 labels 400 labels 1,650 labels
1,837 images 1,837 images 1,837 images 1,837 images 1,837 images

HorizonNet 67.22± 0.68 72.63± 0.52 76.78± 0.61 78.99± 0.48 84.02± 0.48
SSLayout360 71.99 ± 0.28 77.31 ± 0.42 80.28 ± 0.40 82.18 ± 0.40 85.22 ± 0.80

δ1 ↑

Method 50 labels 100 labels 200 labels 400 labels 1,650 labels
1,837 images 1,837 images 1,837 images 1,837 images 1,837 images

HorizonNet 0.75± 0.01 0.83± 0.01 0.88± 0.01 0.91± 0.01 0.95 ± 0.01
SSLayout360 0.80 ± 0.01 0.88 ± 0.01 0.91 ± 0.01 0.93 ± 0.01 0.96 ± 0.01

RMSE ↓

Method 50 labels 100 labels 200 labels 400 labels 1,650 labels
1,837 images 1,837 images 1,837 images 1,837 images 1,837 images

HorizonNet 0.40± 0.01 0.31± 0.01 0.27± 0.02 0.25± 0.02 0.18 ± 0.01
SSLayout360 0.33 ± 0.01 0.26 ± 0.01 0.23 ± 0.01 0.20 ± 0.01 0.17 ± 0.01

6 Corners 3D IoU (%) ↑

Method 50 labels 100 labels 200 labels 400 labels 1,650 labels
1,837 images 1,837 images 1,837 images 1,837 images 1,837 images

HorizonNet 67.67± 0.60 73.31± 0.82 77.23± 0.58 78.04± 0.34 81.93± 0.55
SSLayout360 70.48 ± 0.35 76.38 ± 0.58 79.55 ± 0.52 80.32 ± 0.24 82.82 ± 0.68

2D IoU (%) ↑

Method 50 labels 100 labels 200 labels 400 labels 1,650 labels
1,837 images 1,837 images 1,837 images 1,837 images 1,837 images

HorizonNet 71.92± 0.63 76.68± 0.90 80.05± 0.57 80.62± 0.30 84.40± 0.60
SSLayout360 74.57 ± 0.37 79.67 ± 0.60 82.12 ± 0.60 82.86 ± 0.28 85.05 ± 0.81

δ1 ↑

Method 50 labels 100 labels 200 labels 400 labels 1,650 labels
1,837 images 1,837 images 1,837 images 1,837 images 1,837 images

HorizonNet 0.76± 0.01 0.87± 0.01 0.93± 0.01 0.94± 0.01 0.95 ± 0.02
SSLayout360 0.79 ± 0.01 0.90 ± 0.01 0.95 ± 0.01 0.95 ± 0.01 0.96 ± 0.01

RMSE ↓

Method 50 labels 100 labels 200 labels 400 labels 1,650 labels
1,837 images 1,837 images 1,837 images 1,837 images 1,837 images

HorizonNet 0.35± 0.01 0.28± 0.02 0.24± 0.01 0.23± 0.01 0.21 ± 0.03
SSLayout360 0.31 ± 0.01 0.24 ± 0.01 0.21 ± 0.01 0.21 ± 0.01 0.20 ± 0.02

Table D1. Quantitative layout results for 4 corners (left) and 6 corners (right) evaluated on the MatterportLayout test set averaged over
four independent runs with different random seeds. Number format: mean value ± standard deviation.

8 Corners 3D IoU (%) ↑

Method 50 labels 100 labels 200 labels 400 labels 1,650 labels
1,837 images 1,837 images 1,837 images 1,837 images 1,837 images

HorizonNet 63.14± 1.20 67.97± 0.39 68.30± 0.56 70.30± 0.91 74.54 ± 0.59
SSLayout360 65.97 ± 0.13 68.39 ± 0.63 69.96 ± 0.42 72.05 ± 0.82 74.51 ± 0.54

2D IoU (%) ↑

Method 50 labels 100 labels 200 labels 400 labels 1,650 labels
1,837 images 1,837 images 1,837 images 1,837 images 1,837 images

HorizonNet 66.29± 1.31 70.87 ± 0.34 70.87± 0.67 72.60± 0.92 76.58 ± 0.58
SSLayout360 68.94 ± 0.16 70.86 ± 0.62 72.38 ± 0.42 74.34 ± 0.80 76.31 ± 0.63

δ1 ↑

Method 50 labels 100 labels 200 labels 400 labels 1,650 labels
1,837 images 1,837 images 1,837 images 1,837 images 1,837 images

HorizonNet 0.79± 0.01 0.87± 0.01 0.89± 0.01 0.90± 0.01 0.94 ± 0.01
SSLayout360 0.83 ± 0.01 0.90 ± 0.01 0.90 ± 0.01 0.91 ± 0.01 0.94 ± 0.01

RMSE ↓

Method 50 labels 100 labels 200 labels 400 labels 1,650 labels
1,837 images 1,837 images 1,837 images 1,837 images 1,837 images

HorizonNet 0.41± 0.02 0.34 ± 0.01 0.33 ± 0.01 0.33 ± 0.02 0.29 ± 0.01
SSLayout360 0.36 ± 0.01 0.34 ± 0.01 0.32 ± 0.02 0.31 ± 0.01 0.29 ± 0.01

10+ Corners 3D IoU (%) ↑

Method 50 labels 100 labels 200 labels 400 labels 1,650 labels
1,837 images 1,837 images 1,837 images 1,837 images 1,837 images

HorizonNet 57.82± 1.11 60.52± 0.80 61.49± 1.23 64.91 ± 1.99 67.90± 0.69
SSLayout360 60.53 ± 1.71 62.33 ± 1.14 64.15 ± 0.95 66.52 ± 1.13 70.24 ± 0.98

2D IoU (%) ↑

Method 50 labels 100 labels 200 labels 400 labels 1,650 labels
1,837 images 1,837 images 1,837 images 1,837 images 1,837 images

HorizonNet 59.85± 1.22 62.56± 0.79 63.59± 1.15 67.19 ± 2.13 69.75± 0.61
SSLayout360 62.49 ± 1.75 64.28 ± 1.17 66.13 ± 0.89 68.42 ± 1.12 71.98 ± 1.02

δ1 ↑

Method 50 labels 100 labels 200 labels 400 labels 1,650 labels
1,837 images 1,837 images 1,837 images 1,837 images 1,837 images

HorizonNet 0.80± 0.01 0.84± 0.01 0.85± 0.01 0.86± 0.01 0.88± 0.01
SSLayout360 0.82 ± 0.01 0.87 ± 0.01 0.87 ± 0.01 0.89 ± 0.01 0.90 ± 0.01

RMSE ↓

Method 50 labels 100 labels 200 labels 400 labels 1,650 labels
1,837 images 1,837 images 1,837 images 1,837 images 1,837 images

HorizonNet 0.56± 0.02 0.53± 0.02 0.50 ± 0.03 0.47 ± 0.03 0.44 ± 0.03
SSLayout360 0.52 ± 0.03 0.49 ± 0.01 0.49 ± 0.02 0.46 ± 0.03 0.41 ± 0.02

Table D2. Quantitative layout results for 8 corners (left) and 10+ corners (right) evaluated on the MatterportLayout test set averaged over
four independent runs with different random seeds. Number format: mean value ± standard deviation.



Figure E1. Qualitative layout estimation of exemplar MatterportLayout test instances. Left: A comparison of ground truth layout (green
lines) with our SSLayout360 model (magenta lines) trained on 100 labeled and 4,000 unlabeled images under equirectangular view. Right:
3D layout reconstruction. Best viewed electronically.



Figure E2. Qualitative layout estimation of exemplar MatterportLayout test instances. Left: A comparison of ground truth layout (green
lines) with our SSLayout360 model (magenta lines) trained on 100 labeled and 4,000 unlabeled images under equirectangular view. Right:
3D layout reconstruction. The transparent regions denote walls hidden from the camera field-of-view. Best viewed electronically.



Figure E3. Qualitative layout estimation of exemplar MatterportLayout test instances. Left: A comparison of ground truth layout (green
lines) with our SSLayout360 model (magenta lines) trained on 100 labeled and 4,000 unlabeled images under equirectangular view. Right:
3D layout reconstruction. The transparent regions denote walls hidden from the camera field-of-view. Best viewed electronically.
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