daSFormer: Adaptive Serialized Transformers
for Monocular Semantic Scene Completion from Indoor Environments

Supplementary Material

The supplementary material consists of two parts: 1) net-
work details and 2) additional visualization results.

In the Network Details section, we provide additional
information about the overall network architecture. In the
Additional Visualization Results section, we present ad-
ditional qualitative results on the NYUv2 [6] and Occ-
ScanNet [10] datasets, further demonstrating the superiority
of our method.

1. Network Details

The framework mainly consists of four components: 2D
feature extraction, 2D-to-3D projection, 3D encoder, and
3D decoder.

2D Feature Extraction. 2D Features are first extracted
from RGB images using a pre-trained EfficientNet [ 7] back-
bone. The depth of each pixel is then predicted with an
off-the-shelf method [9] and employed to project the 2D
features into 3D space.

2D-3D Projection. In the 2D-to-3D projection, we utilize
surface projection [4, 8], which maps 2D features to their
corresponding 3D locations using camera intrinsics, extrin-
sics, and estimated depth. This approach significantly re-
duces projection errors compared to sight projection [1] and
LSS [5]. Additionally, in contrast to query proposal-based
projection [3], it offers a reduction in computational cost by
lowering the computational burden of the projection opera-
tion. Moreover, by projecting only onto the observed sur-
face, this approach greatly reduces the computational cost
of the subsequent Transformer-based network.

3D Network. We stack a series of ASFormer Blocks to con-
struct the 3D encoder. Each block is a hybrid structure that
integrates attention and convolution operations. The atten-
tion module provides a global receptive field, while the con-
volution module propagates features by incorporating local
neighborhood information.

Each block consists of four key components: Adaptive
Serialized Attention (ASA), Center-Relative Positional En-
coding (CRPE), Convolution-Modulated Layer Normaliza-
tion (CMLR), and the DDR Block [2]. These components
collaboratively enhance receptive-field adaptability, spatial
reasoning, cross-module feature alignment, and neighbor-
hood feature completion. It is worth noting that the Center-
Relative Positional Encoding (CRPE) is applied only to the
first layer of the first block, since it is mainly used to model
the richness of the input information.

The 3D decoder is composed of a series of deconvo-

lutional layers. We do not adopt a transformer-based ar-
chitecture, as the number of non-empty voxels grows sub-
stantially at this stage, which makes convolutional decoding
more efficient than transformer-based decoding and reduces
the computational overhead. Moreover, during the encoder
stage, the transformer has already captured sufficient global
information.

This design of the ASFormer Block offers three main
advantages:

1) Complementary functionality: The Adaptive Serial-
ized Attention (ASA) is employed to capture global contex-
tual features, while the convolutional layers propagate fea-
tures to spatial neighboring regions, effectively propagating
local geometric information.

2) Bridging heterogeneous features: Since Transform-
ers and convolutional networks extract fundamentally dif-
ferent types of features, directly interleaving these modules
can result in learning difficulties and limited performance
gains. To mitigate this, we propose Convolution-Modulated
Layer Normalization, which modulates the Transformer
features using convolutional information, ensuring stable
and effective feature fusion.

3) Efficiency considerations: By integrating convolu-
tion, the Transformer avoids computing attention over all
voxels, thereby reducing computational cost.

2. Additional Visualization Results

In this section, we present additional visualization results on
the NYUv2 and Occ-ScanNet datasets. As shown in Fig. |
and Fig. 2, our method outperforms ISO [10] by a substan-
tial margin, owing to the enlarged receptive field. Specifi-
cally, as shown in Fig. | (fourth row), our method captures
the relative spatial and semantic relationships between the
table and chairs more effectively, leading to more accurate
and complete completion results.

Similarly, as illustrated in Fig. 2 (third row), our method
better models the spatial and semantic relationships be-
tween various objects and the surrounding walls, thereby
achieving more precise and comprehensive scene comple-
tion. This more comprehensive scene awareness not only
deepens the model’s understanding of structural cues but
also leads to more reliable predictions in occluded regions.
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Figure 1. Qualitative Comparisons of semantic scene completion results on the NYUv2 testset [6] with different methods. Figures from
left to right: (a) The single RGB input; (b) The ground truth; (c) ISO [10]; and (d) Our proposed method.
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Figure 2. Qualitative Comparisons of semantic scene completion results on the OCC-ScanNet testset [ 10] with different methods. Figures
from left to right: (a) The single RGB input; (b) The ground truth; (c) ISO [10]; and (d) Our proposed method.
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