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Figure 4. (a) The overall architecture of CVTr. CVTr has several transformer encoders (b) for computing a low-dimensional view token.
All view tokens are used by the cross-view fusion (c) for computing the augmented-view feature map.

The encoder uses convolution to transform the synthetic-
view feature map V′

r, which is added to the view token T′
r.

This step is critical to the completion task based on the vox-
elized structure. It helps the view token T′

r with lower di-
mension to capture the underlying configuration of voxels.

The spatial dimension of the view embedding Tr is
lower than the synthetic-view feature map V′

r (i.e., M <
H×W ×D). By compressing the spatial dimension of Tr,
we drive the Tr to focus on the global semantic meaning of
V′

r, which is injected into the view token T′
r.

The position embedding Gr are jointly learned with the
view embedding Tr and the synthetic-view feature map
V′

r. Thus, Gr can be regarded as a complementary struc-
ture, which stores richer geometric information than the
view embedding Tr. We also inject the geometric infor-
mation of Gr into the view token T′

r.

Cross-View Fusion For all views, we use different
transformer encoders to compute the view tokens {T′

r ∈
RM×C | r = 1, ..., R}. The cross-view fusion harnesses the
view tokens to enhance the synthetic-view feature maps.

We provide more details of cross-view fusion in Fig-
ure 4(c). First, we concatenate all of the view tokens, form-
ing an overall token T ∈ RM×R×C with hybrid informa-
tion across different views. Next, we establish cross atten-
tion between the overall token T and the synthetic-view fea-
ture map V′

r. With the cross-view information of T , the
cross attention enhances V′

r and computes the augmented-

view feature map V′′
r ∈ RH×W×D×C :

q = conv(V′
r), k = conv(T ), v = conv(T ),

A = v⊤ · softmax(k · q⊤),

V′′
r = V′

r + conv(A⊤).

(7)

To simplify the notations above, we omit the subscripts of
the intermediate variables k,v ∈ RM×R×C and q,A ∈
RH×W×D×C . CVTr produces a set of augmented-view fea-
ture maps {V′′

r ∈ RH×W×D×C | r = 1, ..., R}, which are
added together and passed to a 3D convolutional decoder
for predicting the complete scene.

5. Experiments
5.1. Implementation Details

We use PyTorch2 to construct CVSformer. Before train-
ing CVSformer, we pre-train DeepLabv3 [3] for 1,000
epochs to segment the RGB image. Below, we fix the opti-
mized network parameters of DeepLabv3.

The voxel-wise cross-entropy loss supervises the scene
completion task. We employ SGD solver to optimize CVS-
former with a momentum of 0.9 and a weight decay of
0.0005. We set the initial learning rate to 0.05, which is
adjusted by the poly scheduler. We train the network for
500 epoches, where each min-batch contains 16 samples.

The spatial resolution of the segmentation and TSDF
volumes are 60×36×60, and the resolution of original-view
feature map is 15×9×15. In MVFS, the rotated kernels are

2https://pytorch.org/
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